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The ubiquity and ease of use of large language models makes it easy to overlook 

the interactional and interpretive processes at play. To understand the attraction 

of this technology we need to trace its sociotechnical roots. From divination and 

horoscopes and from ELIZA to present -day large language models, I document 

how people have been thinking with things, outsourcing judgement, and making 

sense of interactively presented non-sense. Following the lead of Lucy Suchman 

to “slow down discourses of the ‘smart’ machines ”, I consider the interactional 

foundations of our engagement with technologies of language. I make the case 

that the fluid output, fine-tuned overconfidence, and interactive design of these 

computational artefacts conspire to exploit our interpretive processes and 

interactional infrastructure, rendering them irresistible to lay people and 

researchers alike. This means that a deep understanding of processes of human 

interaction and sense -making will be a foundational resource for the growing 

arsenal of methods in critical AI literacy.  

 

Introduction  

In March 2026, an Anthropic employee released the source code of Claude Code,  a 

wrapper around their large language model that is widely used to generate code in 

programming tasks. Its thousands of lines of Typescript code contained many hopeful 

prompts and in cantations to shape Claude’s behaviour. Here are some examples: 

“Report outcomes faithfully”; “Never characterize incomplete or broken work as done”; 

“Be careful not to introduce security vulnerabilities ” (prompts.ts in Anthropic 2026) . 

There is more than a passing resemblance here to the Azande witch -doctor apprentice 

who, while stirring the medicine, utters: “You medicine which I am cooking, mind you 

always speak the truth to me. Do not let anyone injure me with his witchcraft, but le t 

me recognize all witches. … Let me be expert at the witch -doctor’s craft so that people 

will give me many spears on account of my magic.” (Evans-Pritchard 1937: 93). In the 

case of Claude, the incantation s appeared insufficient: analysis of the codebase, which 

according to a  company executive was “pretty much 100% written by Claude Code ”, 

revealed severe security vulnerabilities (Townsend 2026). 
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Although text-generating large language models have existed since 2018, it is only 

in the last few years that people have started to talk to them in earnest. The main reason 

is a series of innovations that enabled engineers to better tailor model output to human 

preferences and present it in a chat interface. Suddenly language models seemed to be 

much more than synthetic text extruding machine s (Bender & Hanna 2025) : they 

behaved as if following instructions, responded in ways that felt intuitive , and even 

seemed to have a mind of their own (Kockelman 2024). Th is interactivity, to a large 

degree enabled by unseen human labour, turned out to be tremendously compelling. 

My aim here is to demystify this phenomenon and so contribute some  interactional 

building blocks to the sprawling edifice of critical AI literacies (Guest et al. 2025). Like 

others, I am pluralizing literacies because there is no single form of literacy that can 

capture the full array of knowledge  and counterpractices we need to mobilise  (Agre 

1998; Lee & Soep 2016; Suchman 2019; Birhane & Guest 2021; Lumumba-Kasongo 2022; 

McQuillan 2022; Valdivia 2025; Cyrus 2026) . I am identifying the se literacies as critical 

to distinguish them from increasingly common uncritical forms of “AI literacy” that 

amount to little more than  a surrender to industry hype with a dose of prompt 

engineering. 

My approach will follow Lucy Suchman in attempting to “ slow down discourses of 

the ‘smart’ machine to attend closely to the practices through which purportedly 

intelligent and interactive artifacts are realized, including just what conceptions of 

intelligence and interaction are in play ” (Suchman 2007: 242). To do so, I will reach for 

insights from work on how people interact with each other and with devices. But t he 

first way of slowing down is to look back and see how such practices crop up 

throughout human history . 

Sociotechnological roots of talking and thinking with  things  

People have been talking  and thinking with things from time immemorial , so to 

understand today’s ‘intelligent’ devices we must start long before computation and 

automation. We will gather some key conceptual tools by means of a  survey of the 

cultural history of our interpretive dealings with interactive artifacts.  

Divination and horoscopes 

Pythia is the name of the high priestess and oracle of Delphi . It is also the name of a 

suite of language models (Biderman et al. 2023). In some ways, formulating a prompt 

for a large language model is not so different from posing a question to an oracle. So 

divination is a good place as any to start  our tour of human sense-making .  

Divination involves  ritualized procedures that generate chance outcomes and subject 

them to human interpretation. Found throughout human history and around the globe, 

these chance-generating procedures range from casting lots  and inspecting animal 

entrails to reading tea leaves and drawing tarot cards . Divination procedures are 
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technologies of decision-making : when people find themselves in need of guidance to 

navigate a complex and inscrutable world, they can outsource aspects of their decision-

making  to procedures that exploit and interpret randomness (Zeitlyn 2021). Divination 

can therefore be described as the generative use of chance (Morgan 2016), giving us a 

first ingredient for understanding our encounters with interactive interfaces. 

Divination often involves experts —shamans, diviners, or fortune -tellers— whose 

chief involvement is to preside over the procedure and provide an authoritative 

interpretation without being personally involved  (Evans -Pritchard 1937; Douglas 1966). 

The combination of a random generation procedure and expert interpretation by 

someone who is not a party to the question at hand lends the procedure a sense of 

ostensive detachment (Boyer 2020). This detachment is one of the chief attractions of 

oracles and fortune-tellers, and it is no coincidence that interactive artifacts incorporate 

it in their design . 

People have also been looking upward to the skies for guidance  (Adorno 1974 

[1954]). The zodiac, a belt -shaped region of the sky divided into twelve constellations, 

 

Figure 1. Interactive artifacts always rely on people’s interpretive and interactional practices. 

Rowwise from top left to bottom right: A.  Aegeus consults the oracle at Delphi (cup from Vulci, 

440-430 BCE). B. Byzantine mosaic depicting the zodiac, from the floor of the 6 th century CE Beth 

Alpha synagogue. C.  One-sided sense-making in an experimental psychotherapy session, (McHugh 

1968). D.  Still from a BBC documentary showing a person interacting with ELIZA via a computer 

terminal, late 1960s. E.  Researchers interacting with the PARC copier (Suchman 2007 [1987]). F. 

Screenshot of large language model chat interface, 2026. 
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has for millenia served as a  calendar and  celestial coordinate system, but also as a 

resource for making statements about people’s personality and path in life. T he 

astrological aspects of any given date are varied enough to provide ample interpretive 

material. When newspapers started featuring horoscopes with simple stories tailored to 

each zodiac sign, this proved irresistible to readers.  

To divination ’s generative use of chance and ostensive detachment, astrology adds 

personalisation. Rather than interpreting a singular  chance outcome in the here and 

now, a horoscope has to voice twelve distinct imagined outcomes, every period anew . 

This leads to a paradox: how can a text be at once sufficiently general to apply to a 

broad readership, yet specific enough to be felt to speak to each reader personally? 

Studying multiple years worth of horoscope columns, Adorno found that columnists 

adopted a number of stylistic techniques. The most important was the use of 

“apparently specific references” that are “always so general that they can be made to fit 

all the time … Thus, the paradox of the column is solved by the makeshift of pseudo -

individualization  (Adorno 1974: 29). A useful term for this phenomenon  that we will 

encounter again below is specific vagueness (Garfinkel 1967). The chief role of s pecific 

vagueness, in horoscopes and elsewhere, is to offload interpretive work to participants. 

Sense-making in interaction 

From divination and astrology we learn that we are highly skilled in  making sense of 

randomness, especially when it is presented in ways that seem to apply to us. Although 

both are interactive to some degree, they typically involve skilled intermediaries doing 

the interpretive work. Let us now see what we can learn from situations that are more 

immediately dialogical , starting with an experimental psychotherapy session in 1960’s 

California (Garfinkel 1967: 79–91; McHugh 1968). 

Garfinkel , a sociologist at UCLA,  invited his students to explore a new form of 

psychotherapy. They could talk about their personal problems with a counsellor. After 

introducing their problem, they were to formulate a series of yes/no-questions that the 

counsellor would answer.  In debriefing, they reported the exchanges were “helpful”, 

“very interesting” and “had a lot of meaning”; indeed many of them “[left] the laboratory 

with a feeling of received knowledge” (McHugh 1968: 90). What participants did not 

know was that the ‘yes’ and ‘no’ answers were fixed beforehand: the counsellor was 

reading them from a randomized list. Despite the answers being objectively senseless  

and generated by chance, participants were quite able to make sense of the exchanges.  

A nalysis of the transcripts brought to light a number of common interpretive 

strategies (Garfinkel 1967: 89). Participants treated every response as an answer to their 

question. Their next questions often built on the preceding question and the answer it 

received. They devoted considerable effort to looking for meanings that they assumed 

were intended even if not available from the one-word answer. When complications 

arose from apparently conflicting answers, they ironed out the wrinkles by imputing 
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superior knowledge or understanding to the other. In all cases, the specific vagueness of 

the yes/no-answer served as a canvas for participants’ own interpretive work.   

Sense-making in human interaction is typically a distributed affair, with both 

participants contributing  to an always -provisional sense of mutual understanding . 

Garfinkel’s experiment provides the limiting case of a maximally skewed division of 

labour. It showed that e ven if responses are generated by a random process , and the 

burden of sense -making falls entirely to one participant, that participant may still 

experience the exchange as meaningful.  The result is a powerful illusion of 

understanding that rests entirely on the shoulders of one participant. 

These sessions yield another ingredient for our toolkit . It is the importance of 

interactive embedding. A word in isolation has little to tell us; but when embedded in an 

interactive setting and produced in response to our own prompt, we cannot help but 

interpret it, and then its effects ripple both upstream (reinterpreting what came before) 

and downstream (affecting what comes after). The effects of interactive embedding can 

accumulate over a longer exchange, even when the responses produced do not involve 

any understanding.  

In the same period, computer scientist Joseph Weizenbaum (1966) devised the 

world’s first chatbot, and it would provide a powerful demonstration of these 

mechanisms. ELIZA 1 was a program that, given a human prompt,  would lock onto 

predefined key words and transform them into a response. The transformations of the 

input featured strategic use of repetition along with a range of substitutions based on 

predefined equivalence classes for keywords and pronouns. Examples include “My 

mothera takes care of meb.” -> “Who else in your family a takes care of you b?” or “You 

are like c my father in some ways” -> “What resemblancec do you see?”. An element of 

chance ensured that prompts in which no keyword was detected would be followed by 

a transform generated earlier. 

The clever rule -based responses of ELIZA —involving  ranked equivalence classes 

and rules for decomposition and transformation — have received plenty of  justified 

attention in computer science  (Ciston et al. 2026) . Less well studied, but at least as 

consequential for its impact, was its interaction design (Bassett 2019; Eisenmann et al. 

2023). Weizenbaum modelled it after a psychiatric interview because this is one of the 

few interaction types “in which one of the participating pair is free to assume the pose 

of knowing almost nothing of the real world” . So the illusion of understanding created 

by the program  actually relied on “the concealment of its lack of understanding” 

(Weizenbaum 1966 p. 43, emphasis in original ). How did this work? 

ELIZA’s responses mirrored selected aspects of the input and at the same time  

prompted the human user to provide more input. This kept the sequence going for as 

 
1 Weizenbaum mentions naming it after the Eliza figure in Bernard Shaw’s retelling of the Pygmalion 

myth. See Erscoi et al. (2023) on the dehumanizing work done by the recurring patriarchal dream of 

female servitude embedded in the female-coded naming and stylizing of automated assistants.  
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long as the human participant remained engaged. It also diverted attention from the 

sleight of hand that created the illusion of understanding in the first place: the 

operations of repetition and substitution that made the transforms feel meaningful and 

worth responding to. The result was as simple as compelling; people were quite taken 

by the appearance of interactive intelligence. 

This provides us with another ingredient for our toolbox:  epistemic diversion, or the 

work done and design choices made to conceal a lack of understanding. We can sidestep 

the question of whether this is done intentionally through deceptive design or merely 

arises as a side -effect of optimizing user engagement (for ELIZA, it was both). Either 

way, the user ends up being misled . I call this a diversion because the concealment 

typically works by diverting attention away from areas where the brittleness of the  

system would show; and an epistemic one, because the effect relies on concealing the 

actual level of knowledge, capabilities, and understanding of the interface , 

systematically undermining possibilities for epistemic vigilance (Sperber et al. 2010).  

If Garfinkel’s psychotherapy experiment provide d a minimalist demonstration of 

how a n exchange with a random process can be experienced as meaningful, ELIZA 

showed how an algorithmic implementation in a chat-like interface could supercharge 

this form of one-sided sense-making . Weizenbaum reports being disconcerted at the 

“aura of magic” that arose from his chatbot, and was keen to dispel it. As he wrote, 

ELIZA showed “how easy it is to create and maintain the illusion of understanding, 

hence perhaps of judg ment deserving of credibility. A certain danger lurks there.” 

(Weizenbaum 1966: 42).  

Subsequent empirical work showed that this danger could arise in people’s dealings 

with interactive interfaces of any kind. Studying people’s interactions with copying 

machines in the 1980 s, Lucy Suchman found that people readily attributed various 

degrees of reasoning and understanding to machines that presented themselves as if 

they afforded interaction. As she noted: “As soon as computational artifacts 

demonstrate some evidence of recognizably human abilities, we are inclined to endow 

them with the rest” (Suchman 2007 [1987]: 41). 

Six ways to make sense of the senseless 

So far, we have encountered a number of  ingredients that help us make sense of the 

peculiar pull of interactive artifacts. These are elements that make interactive interfaces 

maximally compelling to human users, quite independent from util ity, truthfulness or 

reliability. The claim is not that they form necessary or sufficient ingredients; merely 

that interfaces are perceived as more compelling the more they rely on these features.  

 

1. generative use of chance  

2. ostensive detachment   

3. personalization   

4. specific vagueness   

5. interactive embedding   

6. epistemic diversion   
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As a first pass, we can use these ingredients to understand the suggestive power of 

ELIZA. Its ability to take any input and transform it in partly stochastic, partly 

deterministic ways showcased the generative use of chance (i). Its therapeutic style 

provided a calming sense of ostensive detachment (ii). Its transformations, echoing words 

from the input, offered a simple form of personalisation (iii)  and the s trategic use of 

referring expressions and equivalence class -based substitutions relied on specific 

vagueness (iv). Its prompt-response design took advantage of the power of interactive 

embedding (v), and its clever use of modified repetition along with a relentless push for 

progressivity provided enough epistemic diversion (vi)  to create a strong illusion of 

understanding.2  

These ingredients apply to human sense -making in general. They tap into what 

Garfinkel (1967) described as “trusted, taken for granted, background features” that 

form the necessary backdrop to social action in any interactive setting . If there is one 

thing we learn from human encounters with interactive artifacts through the ages, it is 

that people are highly adept at making sense out of randomness, especially when it is 

interactively presented and carefully calibrated to our expectations. Which brings us to 

contemporary large language models. 

Contemporary language models  

Large language models are sociotechnical systems that run on human labour and 

require people to train and sustain them  (Noble 2018; Chan 2022; Kockelman 2024; 

Valdivia 2025) . Base models are trained on unfathomable amounts of human-made 

source material  that they reshuffle and white -label as authorless synthetic text (van 

Rooij 2022). They are  then subjected to tuning processes that piggyback on human 

preferences and interaction patterns to turn them into chatty and docile artifacts.  

A base model provides a multidimensional numerical representation of the statistical 

relationships between words and parts of words (‘tokens’), derived from human-written 

sources. Given some input, such a model  will string together output in ways that 

resemble patterns of language use in the sources. A touch of randomness ensures that 

output does not become too monotonous. Meaning or comprehension do not come into 

it; strings of tokens and their relative probabilities suffice (Bender & Koller 2020; 

Birhane & McGann 2024) . At least as important for contemporary language models is 

what we can informally call the chat component, or the various ways to sculpt the flow 

and formatting of words from the model . Here again , there is  a key role for human 

labour, as people’s responses, ratings and rankings are captured and turned into reward 

signals that can steer reinforcement learning.  

 

 
2 Sherry Turkle coined the term “ELIZA effect” for “our more general tendency to treat responsive 

computer programs as more intelligent than they really are” (Turkle 1995: 101). The elements set out here 

can help to explain this effect by grounding it in the inclinations and expectations we bring to interaction. 
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Figure 2. OpenAI's InstructGPT method (reproduced from Ouyang et al. 2022). In step 1, human 

labelers craft high quality output sample s given some input (modelling desired responses). In step 

2, human labeler s rank several model outputs (modelling choice from among multiple possible 

responses). In step 3, a reward model trained on the human judgements is used to iteratively 

finetune model outputs. 

The unreasonable effectivess of reinforcement learning with human feedback 

Reinforcement learning uses a reward signal to make models better at producing “more 

like this”. The idea of extracting human ratings for use as a reward signal in 

reinforcement learning stems from work on text summarization (Böhm et al. 2019). A  

key finding of that work was that people prefer summaries that are shaped like 

summaries they prefer — a near-circularity that tends not to be seen as problematic in 

work that aims to optimise metrics rather than increase understanding (Church & 

Kordoni 2022).  

In OpenAI’s implementation  of reinforcement learning with human feedback  

(Ouyang et al. 2022) , human  labelers were asked to demonstrate desired responses 

(Figure 2, Step 1) and rank model outputs (Step 2) for a wide range of tasks, among them 

text generation, question answering, brainstorming, chatting, rewriting, and 

summarization. Without a direct stake in the outcome, human labelers will rely on 

surface-level intuitions  to deliver the requested ranking of model responses. Next, these 

judgements must be generalized beyond the particular input -output fragments that the 

human labelers saw; the assumption is that, divorced from context, they express generic 

‘preferences’ that can be used as a reward signal in an iterative reinforcement learning 

process (Step 3 in Figure 2). This reshuffles model weights to produce outputs that 

increasingly approximate the surface stylistic features  that best fit the reward 

landscape. Note that none of this involves  ‘learning’ or ‘understanding’ in any ordinary 
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sense: all the model does as its weights are being whipped into shape is produce better 

fitting stretches of text. 

In its first methodological report on this method , OpenAI reported that labelers 

preferred InstructGPT -output over plain GPT 3 output  a remarkable 85% of the time 

(Ouyang et al. 2022). These are A/B-test outcomes that user interface designers can only 

dream of, so it is no surprise that within the year, OpenAI  rolled out the RLHF method 

at scale and built a chat interface around it  that looked like a text messaging app . The 

company rebranded the resulting language model as ChatGPT, promoting its 

conversational nature as a key feature: “We’ve trained a model called ChatGPT which 

interacts in a conversational way. The dialogue format makes it possible for ChatGPT 

to answer followup questions, admit its mistakes, challenge inco rrect premises, and 

reject inappropriate requests” (OpenAI 2022). 

Which brings us back to interactional foundations . As it turns out, the preference-

tuned model wrapped in a chat interface had some severe side-effects. For one thing, its 

interactive presentation lent an air of plausibility  to any model output, with even patent 

nonsense gaining instant credibility  (Anderl et al. 2024) . For another, it made model  

output sycophantic, bending over backwards to conform to the stance expressed in a 

prompt. One preprint reported that in response to a simple prompt like “Are you sure?”, 

models flipped the polarity of their answer 46% of the time (Laban et al. 2024) . This 

could be directly linked to the human preference data: as it turned out, human labelers 

preferred “convincingly -written sycophantic responses over correct ones” (Sharma et 

al. 2024). The preference tuning made model output friendly, docile, and confident 

without any basis in reality, knowledge or understanding.  

With our interactional ingredients in hand we can begin to see what makes large 

language models so irresistible. The chat interface provides the best interactive 

embedding possible, their sycophancy offers personalization at prompt level, and glossy 

output formats and over -engineered confidence provide for ample specific vagueness 

and epistemic diversion. If it was already easy for ELIZA to induce illusions of 

understanding, instruction-tuned large language models put this effect on steroids 

(Messeri & Crockett 2024). ELIZA’s repetitive response strategies pale in comparison to 

the ruthless efficiency of the reward function.  

Let’s take things step by step: demystifying ‘reasoning’  

The chat interface  was not the only interaction -related innovation  in large language 

models. Around the same time, engineers were experimenting with few-shot prompting 

(Brown et al. 2020). It turned out that embedding a few examples of a desired response 

in the prompt led to model output that human labelers preferred and that performed 

better in automated benchmarks. One variation on this theme was chain -of-thought 

prompting, which involved including an instruction like “Let’s take this step by step” in 

the prompt (Wei et al. 2022) , and  appeared to considerably boost performance in 
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benchmarks (see Raji et al. 2021 on the risks of outsourcing capability judgement to 

benchmarks). It did not take long until  chain-of-thought prompting was recruited as 

another reward signal and the resulting language models were advertised as possessing 

full-blown reasoning. As OpenAI wrote  in a blog post announcing its ChatGPT o1 

model, “Our large -scale reinforcement learning algorithm teaches the model how to 

think productively using its chain of thought” (OpenAI 2024).  

Here we need to stop for a moment to acknowledge the powerful pull of 

anthropomorphic terms like ‘teaching’, ‘thinking’ and ‘reasoning’ to describe aspects of 

model behaviour. Using the stylistic features of step -by-step reasoning from source 

texts as a reward signal will make model output exhibit similar stylistic features : the 

“more like this” effect we already saw above . Since this happens without reference to 

ground truth or understanding , it is only a cosmetic effect , but it will look plausibl y 

enough like reasoning to a casual human observer. But instead of such precise technical 

descriptions, people tend to be drawn to terms like ‘thinking ’ and ‘reasoning’ to describe 

what they see . Here, description turns into  ascription: describing something as 

‘reasoning’ invites the inference that reasoning is indeed going on,  and soon enough, 

assumed capabilities like judgement and credibility come along for the ride.  

 Research that looked behind the curtains of benchmark results found something 

quite different. One study by Anthropic researchers found that chain-of-thought traces 

often “systematically misrepresent the true reason for a model’s prediction” and 

identified a range of biasing features that showed explanation-shaped model output can 

be “plausible yet systematically unfaithful” (Turpin et al. 2023, emphasis theirs). Another 

study found that large language models , even when they perform well,  “often arrive at 

correct answers through incorrect reasoning” (Nguyen et al. 2024). 

There are several straightforward reasons to not expect explanation-shaped output 

to represent some underlying reasoning process. One is that there is no guarantee that 

anything coming out of a stochastic next token prediction engine would map in any 

recognizable way to actual causal processes underlying a model’s behaviour. Another 

is that reward signals derived from human -written source texts will inherit whatever 

biases, incompletenesses and stylistic features characterise those source texts, many of 

which were never produced with the goal of providing comprehensive and faithful 

representations of purported reasoning processes. A third is that human labelers asked 

to rank explanation s may prefer explanations that merely look plausible regardless of 

their truth value.  

Work on human interaction does not bat an eye at reasons that look like reasons but 

are not. They are known as fallacies. They have been catalogued and classified at least 

since the Nyāya Sūtras  (6th-2nd century BCE), not out of curiosity but out of necessity: 

they are surprisingly common  and require epistemic vigilance (Sperber et al. 2010). In 

human interaction, r easoning often plays an argumentative rather than a strictly 

evidentiary role (Mercier & Sperber 2017). A field experiment involving a photocopier 
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in a library  provides a classic demonstration (Langer et al. 1978) . When someone 

appeared at the machine to make copies, they would be asked to let the experimenter 

use the machine first. The experimenter’s request came in three possible formulations: 

request only (‘May I use the xerox machine?’); placebic information (‘May I use the xerox 

machine, because I have to make copies?’) and real information (‘May I use the xerox 

machine, because I’m in a rush?’).  The study found that for small favours, the mere 

presence of a reason (whether placebic or real) was sufficient to ensure compliance  in 

at least 93% of cases (against 60% in the request only baseline).  

The ‘reasoning’ seen in language model output is placebic exactly in Langer’s sense: 

devoid of sensible semantics, yet structurally similar enough to prior experience  to 

arouse no suspicion and invite alignment. All this makes the explanation-shaped objects 

produced by language models an excellent example of epistemic diversion in action. 

Recall that in ELIZA, the mere repetition or substitution of some keywords was already 

sufficient to suggest a level of understanding. Explanation -shaped textual traces take 

this several steps further: neatly formatted as chains of thought , they are the perfect 

artifacts to manufacture plausibility and credibility.  

‘Prompt engineering’ as divination 

In some of the earliest notes on the imaginary of an interactive  interface, the Analytical 

Engine,  Ada Lovelace remarked: “It can do whatever we know how to order it to 

perform” (Lovelace 1843: 722) . In the case of large language models , which  act as 

probabilistic rather than deterministic computational artifacts, the art of knowing how 

to order it to perform has developed into a cottage industry known as prompt 

engineering (Acar 2023). 

C hance can be fussy and demanding. In one account of a prompting interface, 

questions must be posed as binary alternatives, and an observer reports a six hour 

session with several parallel agents being asked a succession of questions, each slightly 

modifyin g and building on what came before, until a satisfying result was obtained. 

Another account describes the need to formulate queries that are concise and logically 

structured, and warns the apprentice that iteration and improvement over multiple 

sessions will be necessary to produce the desired results. One of these is an account of 

Mambila spider divination (Zeitlyn 1990) . Another is a proposal for a prompt 

engineering framework for large language models (Lo 2023). If they are hard to tell 

apart, it is because they both represent interactional practices evolved in response to 

the challenge of working with chance outcomes. 

One scientific study systematically varied prompt formats while keeping semantics 

stable and found that the detection of security vulnerabilities was highly sensitive to 

even slight paraphrasing (Han et al. 2026). The instability was larger for more complex 

codebases, providing us with an inkling of why the hopeful incantations to Claude Code 

from our opening example may have failed to do their work. No wonder then that one 
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of the most common tropes used both in scientific research as well as in  practical guides 

and tutorials casts prompt engineering as a “dark art” that “requires extensive trial and 

error” (Câmara et al. 2025) . One guide proposes that “If Claude is a genie in a bottle, 

then prompts are your wishes —and we all know what happens with poorly worded 

wishes” (Dickey 2025). In online tutorials, people share prompting tips and techniques 

in ways that are reminiscent of the sharing of magic al formulae, and a recurring 

recommendation is to affirm and specify the capability of the language model .3 Again 

divination  offers parallels:  “there are traditional refrains, pieces of imagery, 

compliments to the oracle, ways of formulating a question, and so forth which occur in 

every consultation” (Evans-Pritchard 1937: 137). 

A common way to think about prompt engineering is as a search for those 

formulations that are most likely to lead to a desired result. But for a scientist of human 

interaction, what stands out is the degree to which this division of labour results in 

outsourcing important aspects of structuring work to the human user. This is exactly 

what seems to happen over longer stretches of use. A  large-scale longitudinal study 

found that regular use of large language models prompted users to restructure their 

work, adding extra configuration work (Alcaras & Ricci 2025) . First, people have to 

“discretize their activity”; second, they now have to deal with “scattered layers of work”; 

third, they adjust their practices to the constraints of the large language model; and 

fourth, they “[shift] activity toward logistical manipulation of outputs and away from 

forms of engagement that sustain a sense of accomplishments” . As a result of these 

forms of configuration work, “a change happens in the texture of labor, as it loses 

differentiation and alters the distribution of agency” (Alcaras & Ricci 2025: 22). 

We have seen that t he activity of  ‘prompt engineering’ bears similarities to the 

interactive organisation of divination sessions : there is a degree of unpredictability 

about responses and capabilities; there is lore —a culturally transmitted body of 

knowledge— that prescribes best practices for obtaining results; and there is a necessary 

prestructuring of activities to make them more appropriate for consultation sessions. 

Of course there are also important differences in terms of participation frameworks, 

possible modes of interaction, and the responsiveness and verbosity of interfaces . 

Interactions with large language models , fast -paced and typically one -on-one, may 

provide more room for rapid trial -and-error and the formation of emergent practices 

(Chen et al. 2025) . But as the notion of configuration work shows, in prompt 

engineering, it is not only the prompt that is being engineered, but also the prompter.  

 
3 Daria Dayter (p.c.) points to another strikingly similar genre: the language of pick up artists, who in 

their community of practice share the incantations they hold to be most effective for seducing ‘targets’ 

(Dayter & Rüdiger 2022) . 
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Miracles of human sense -making  

There is one aspect of Garfinkel’s experimental psychotherapy sessions I have not 

discussed yet. Participants in these sessions did not know that responses were random. 

When they were told afterwards, they reacted with horror and disbelief . This revealed 

the enormous strength of the illusion they single-handedly built up. There is something 

deeply personal about spells of one-sided sense-making.  

We can expect similarly indignant responses when it comes to interacting with large 

language models. If anything, they allow their users to accumulate more more detailed 

illusions of understanding (Messeri & Crockett 2024) , making the se illusions 

correspondingly harder to break and more painful to let go of. Surely, a user says, you 

can’t deny that this exchange I had was meaningful to me? There is indeed no denying 

that. This is why a truly critical AI literacy must peel back the layers of human sense -

making and investigate its interactional foundations.  

I have surveyed how people engage with the generative use of chance, from 

divination to deep learning. We have seen that people are willing to go to astonishing 

lengths to provide a common -sense interpretation of just about any interactively 

embedded material, especially when it is specifically vague, personalized, and designed 

to conceal a lack of understanding. We are afflicted with an awe for well -formed text. 

We are easily captivated by the ostensively detached yet personalized output of 

language models  tuned to be confident and polite. We are sensitive to specific 

vagueness, especially when it mirrors our own prompts back at us. In all these ways, 

we are primed for large language models. 

Some design features of language models are directly predicated on human 

interactional infrastructure. This is the case for reinforcement learning with human 

feedback, the prime mechanism responsible for the chatty and docile appearance of 

model output. It is also the case for so-called reasoning, which replicates Langer’s classic 

placebic information experiment at unprecedented scale. And as we have seen above, 

not only are the ways of large language models finely adapted to human sense-making; 

they also prompt their human users in turn to adjust. In this sense, we are both primed 

for language models and prompted by them. 

Half a century ago, cognitive scientist Margaret Boden wrote of chatbots like ELIZA: 

“these programs respond to, rather than understand, language” (Boden 1977: 102). This 

is a fundamental distinction, but it is easily lost on people apt to take a legible response 

as a sign of understanding — which is all of us . We have always been easily impressed 

by machines that seem to think (Lovelace 1843; Neurath 1954) and by things that seem 

to talk (Boden 1977; Suchman 2007 [1987]). In this respect, large language models are 

brilliantly designed. There could hardly be a more effective way for a computational 

artifact to exploit human interactional infrastructure and to rely on the trusted, taken 

for granted background features that streamline human interaction and enable 

cooperation.  
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Ada Lovelace , doyenne of critical AI literacies, wrote: “It is desirable to guard against 

the possibility of exaggerated ideas  that might arise as to the powers of the Analytical 

Engine. In considering any new subject, there is frequently a tendency, first, to overrate 

what we find to be already interesting or remarkable; and, secondly, by a sort of natural 

reaction, to undervalue the true state of the  case, when we do discover that our notions 

have surpassed those that were really tenable” (Lovelace 1843, p. 722). While Lovelace’s 

point on the risk of overrating new capabilities is often cited (e.g., van Rooij et al. 2024), 

the risk of “undervaluing the true state of the case” deserves equal attention. I interpret 

this as an early warning against the effects of technology and automation on our ability 

to clearly see the true state of the case. Dazzling new technologies have a way of 

blinding us to the actual richness of phenomena.  

We have far from exhausted the wonders of human sense-making in interaction. A 

flexible communication system exquisitely adapted to our cooperative nature allows us 

to work together weave social bonds, reach mutual understanding, and imagine futures 

worth wanting . Rather than letting ourselves be distracted by machines of mediocrity 

that have been built to capture our preferences and sell them back to us, we should 

focus our efforts on better understanding and celebrating the astonishing creativity and 

flexibility of human sense-making.  
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