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Abstract: Reactivity – influences of scientific research on its research subjects, both during 

data collection or upon publication of results – has been extensively discussed in human 

sciences and philosophy of science. Here, we argue that recent findings about LLMs can be 

fruitfully analyzed as reactivity. Safety evaluations of LLMs have been suspected to be 

distorted through evaluation awareness – LLMs “reasoning” that they are being tested – 

which may affect their outputs. Research about LLMs included in LLM training data has 

been hypothesized to lead to self-fulfilling predictions. We relate such cases to reactivity and 

propose three levels that structure which methodological challenges LLM reactivity poses 

and in what sense it constitutes genuine reactivity. Based on this analysis, we suggest that the 

concept of reactivity should be broadened to include both non-agentic and agentic artificial 

systems. Finally, several strategies for more practically oriented LLM researchers to preserve 

the validity of experimental results and to counteract self-defeating predictions will be 

derived. 
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1. Introduction 

Reactivity, understood as influences of scientific observation on behavior (Runhardt 2025; 

Marchionni et al. 2024), occurs in research on human subjects. This influence can occur 

during data collection, threatening the validity of the inferences drawn from that data to a 

target phenomenon (Marchionni et al. 2024). Or it can occur afterwards, through uptake of 

published results,making the investigated entities “moving targets” (Hacking 2007) or 

leading to self-defeating predictions (Grünbaum 1956; Buck 1963; Harel 2026). 

While reactivity has thus far been reserved to human agents (Marchionni et al. 2024; 

Harel 2026), we argue that recent discoveries about LLMs are fruitfully analyzed as reactivity 

for two reasons: First, they pose analogous epistemological and methodological problems. 

Second, they can be addressed through strategies inspired from human sciences. For this 



argument, we think that an analysis of reactivity along three separate levels is especially 

useful. From the fruitfulness of the concept of reactivity for LLM research, we draw the 

philosophical conclusion that this concept should be broadened to include agentic and 

non-agentic artificial systems. 

For example, Claude Sonnet 4.5 has been observed to show “evaluation awareness” 

(Anthropic 2025). In safety evaluations, the models’ scratchpad1 showed contents referred to 

being evaluated. Causal manipulations of internal representations2, and controlled 

comparisons to conditions without (thus understood) evaluation awareness, suggest that 

evaluation awareness affects model outputs. Likewise, LLMs could be influenced by the 

publication of certain scientific results. Tice et al. (2026) show that upsampling science 

fiction about AI, safety discussions, or news about AI crises in the pretraining corpus of an 

LLM increases undesirable outputs, whereas adding synthetic documents with positive stories 

and discussions of AI to the pretraining corpus reduces undesirable outputs, naming this 

finding “self-fulfilling (mis-)alignment”. 

We proceed as follows: Section 2 explores examples of reactivity from human and 

social sciences and the corresponding epistemological and methodological problems. Section 

3 presents analogous LLM cases, organized into a three-levels ranging from basic and benign 

reactions to agentic and potentially deceptive reactivity. Section 4 discusses whether agency 

is a prerequisite for reactivity. Subsequently, section 5 draws several conclusions from the 

treatment of reactivity in behavioral research to LLM research. Section 6 concludes. 

 

2. Reactivity in the Philosophy of Human and Social Sciences 

Reactivity in human and social sciences (sociology, psychology, economy, political science, 

etc.) refers to influences of science on research subjects (cf. Runhardt 2025; Marchionni et al. 

2024). Marchionni et al. (2024) distinguish two quite distinct ways how such influences can 

be exerted: reactivity during data collection and reactivity due to the uptake of scientific 

results. First, ongoing research may affect research subjects at the stage of data collection, 

constituting a special version of the observer effect. Under the observer effect we understand 

that a target phenomenon of scientific interest behaves differently under (certain methods of) 

observation than it would behave otherwise (see also Monahan and Fisher 2010; Sassoli de 

2 Activation patterns in the intermediate layers of the deep neural network that have been found to be 
associated with being under evaluation. 

1 So-called “reasoning” or “chain-of-thought” models first generate an intermediate textual output that 
is not included in their answer to the user. This intermediate output (like an internal “note” or 
“reasoning steps”) is then used in generating that answer. 



Bianchi 2013). Second, research results, theories, scientific categories, or predictions may be 

taken up by the agents that these results, theories, categories, or predictions apply to, which 

could influence their future behavior in ways conforming to or contrasting the initial results, 

theories, categories, or predictions (see also Harel 2026). Examples for this are looping 

effects (Hacking 1995) or reflexive predictions (Grünbaum 1956; Buck 1963). 

In the following, we will familiarize ourselves with these two types of reactivity and 

with the problems that they pose to the validity of scientific inferences and the accuracy of 

scientific predictions. 

 

2.1 Reactivity as an Observer Effect 

Perhaps the most famous example of reactivity as an observer effect (or, synonymously, 

during data collection) is what has been discussed as the “Hawthorne effect” (Dickson and 

Roethlisberger 2003; Levitt and List 2011), named after a series of studies conducted at the 

Hawthorne plant in the 1920s, which are commonly interpreted as an increase in work 

productivity due to the awareness of being observed. The Hawthorne effect is a special 

version of reactivity as an observer effect: it occurs whenever subjects’ awareness of being 

investigated changes their behavior of interest. Yet a narrower subtype are demand effects: 

behavior that research subjects believe is demanded by them, for example, because it is 

supportive of the research hypothesis (Orne 1962; Zizzo 2010). Also, subjects may respond 

in ways demanded by social norms rather than by the experimental setup. This “social 

desirability bias” refers to the “tendency for an individual to present him/her, in a way that 

makes the person look positive with regard to culturally derived norms and standards in 

test-taking situations” (Durmaz et al. 2020). 

There are several different conceptions of reactivity during data collection 

(Marchionni et al. 2024). First, according to the awareness conception, reactivity occurs 

when research participants’ awareness of being studied influences their attitudes or behavior 

and, in turn, the data being collected. On that conception, reactivity as an observer effect is 

synonymous to the Hawthorne effect (see above). Second, according to the unintended effects 

conception, reactivity occurs when the ongoing research has effects on participants’ behavior 

that the researcher did not intend to bring about. Intended effects on participants – through 

task instructions, deliberate interventions, etc. – are not counted as reactivity here, while 

proponents of the awareness conception do. However, unintended effects that do not operate 

through the awareness of research subjects – e.g., the lab temperature as a confounding factor 

– are classified as reactivity by this conception, but not by the awareness conception. Finally, 



on the most inclusive account on offer reactivity is understood broadly as the disposition to 

react to features of one’s environment (Feest 2022), which may or may not be mediated by 

the reacting subject’s awareness of being studied. Reactivity in this sense is a precondition for 

generating behavioral data because such data concerns the subject's responses to researcher’s 

actions or the experimental setup. 

The question of how to define reactivity interacts with the question, discussed in 

philosophy of science, whether reactivity during data collection is always problematic 

(Marchionni et al. 2024). On Feest’s (2022) inclusive notion reactivity can be benign and 

desirable. Similarly, on the awareness conception, reactivity can sometimes be 

unproblematic, for example, if participants perform a task as a reaction to their awareness of 

being instructed to perform it. Thus, the crucial question is whether reactivity in the 

unintended effects case can also sometimes be unproblematic. The potential problem is that 

reactivity can undermine the inferences drawn from the data about the target phenomenon 

both inside the research setting (internal validity) and outside of it (external or ecological 

validity). For example, subjects may report that some experimental intervention increased 

their subjective wellbeing because they guess that this is the research hypothesis, leading 

researchers to overestimate how much the experimental intervention increased subjective 

wellbeing (internal validity) and how effective it would be outside of the experimental 

context (external validity).  

Yet, even on the unintended effects conception, it appears that reactivity is not 

necessarily problematic (Marchionni et al. 2024). First, reactivity can be unproblematic if the 

subjects’ reaction to being investigated is unrelated to the variable being measured 

(Jimenez-Buedo 2021; Feest 2022). This may be achieved, for example, by blinding the 

subjects about the research objective such that occurring demand effects do not 

systematically correlate with the variable being measured (Teira 2013). Second, even if 

reactivity interferes with the measurement of interest, it may be counteracted by an 

experimental design with a control-group (Jimenez-Buedo 2021): If reactivity influences the 

measured effect in both groups in the same direction and with the same magnitude, the 

measured effect in the experimental group can still be compared ordinally to the control 

group. Third, reactivity may be unproblematic with respect to external validity if the way in 

which research subjects are influenced in the experimental setting is similar to the situation 

they face outside of it (Jimenez-Buedo and Guala 2016). For example, if social norms in the 

research setting influence the subjects’ behavior in an unforeseen way, but the same norms 

apply outside of it, then external validity is preserved. Finally, reactivity may also be 



unproblematic concerning internal and external validity of inferences if one restricts the 

inferences drawn from the data accordingly: In qualitative research, it has been proposed 

(Zahle 2023) that by being reactivity transparent, that is, complementing data with true 

assumptions about how reactivity occurred in their collection, one may still draw inferences 

about behavior from that data, factoring in whether or not similar processes occur outside the 

research setting (see Hammersley 2003 for further discussion of the strategy, and its limits, to 

monitor the influence of qualitative research methods on its subjects). 

 

2.2 Reactivity as Looping Effects and Reflexive Predictions 

Next, reactivity due to the uptake of scientific results has been articulated through several 

notions (see Marchionni et al. 2024, for an overview), for example, as self-fulfilling or 

self-defeating predictions (Grünbaum 1956; Buck 1963; Harel 2026); or through Hacking’s 

(1995) looping effects of human kinds. Looping effects refer to scientific categorizations of 

people affecting how the categorized understand themselves and behave. This phenomenon 

could make scientific classifications or predictions self-defeating or self-fulfilling (Grünbaum 

1956; Buck 1963; Harel 2026). 

While it has been proposed and subsequently challenged whether such looping 

effects are a distinctive marker of human kinds in contrast to natural kinds (Boyd 1991, see 

also Godman 2020), Marchionni et al (2024) argue that there is nevertheless a human-specific 

variant of such looping effects that operates through the awareness of the classified subjects 

or people around them. Similarly, Harel (2026) analyzes self-fulfilling or self-defeating 

reactivity as involving theory-deduced scientific predictions that, by affecting the beliefs of 

agents in pursuit of certain goals and, in turn, their behavior relevant to that prediction, 

become either true (self-fulfilling) or false (self-defeating) which they would not have been if 

the behavior had remained unaffected. This conception requires agents who adjust their 

beliefs in reaction to a scientific prediction and act on them in a goal-directed way, from 

which Harel concludes that reactivity, de facto, involves humans. As we will discuss in 

section 4, LLM cases suggest that, either, phenomena analogous to this form of reactivity can 

occur without agency or that LLMs are – in the relevant sense – agents. 

Reactivity due to the uptake of scientific results may or may not be a problem for 

science. Looping effects could undermine the representational accuracy of scientific 

categorizations, a phenomenon Hacking (2007) refers to as “kinds of people” as “moving 

targets, because our investigations interact with the targets themselves, and change them” (p. 

293). Similarly, self-defeating reactivity, may undermine the predictive accuracy of scientific 



theories (Harel 2026). For example, a prediction of a low price for a certain commodity may 

lead to lower production of that commodity and in consequence to higher prices (Buck 1963). 

Nevertheless, accurate predictions may in many cases be possible (Harel 2026): Under 

certain mathematical conditions, there exists an equilibrium prediction such that the reaction 

to the prediction is just right to render the prediction true. However, whether researchers can 

actually achieve that prediction in practice seems to depend more on whether they have a 

good background theory about how reactivity occurs in the case at hand (cf. Northcott 2022; 

see also section 3.2). 

 

3. Three Levels of Reactivity in LLMs 

This section develops our account of reactivity. We contend that it is theoretically fruitful to 

distinguish three levels of reactivity that are increasingly demanding, because they 

distinguish different kinds of reactivity we find in LLMs, and their distinctive features. Each 

level features a definition and examples of two kinds – 1) LLM observer effects, that is, LLM 

outputs being different under certain methods of observation than they would be otherwise, 

and 2) LLM examples of reflexive science, i.e. influences of published scientific results on 

LLMs. Moreover, the challenges that each level of LLM reactivity poses to scientific 

methodology are discussed. 

 

3.1 Basic Reactivity 

Definition. Basic reactivity occurs whenever LLMs react to researchers’ actions inside or 

outside experimental contexts (e.g., published research or internet discussions about LLMs). 

Here, we understand “react” minimally, simply as LLM outputs being causally influenced by 

researchers’ actions. This first level, basic reactivity, does thus not need to involve any 

attitudes on the LLM’s side. 

Example Observer Effect. Let us consider a phenomenon that is investigated under the term 

“prompt sensitivity” (Zhuo et al. 2024):  LLMs perform differently at tasks depending on 

how the task is presented to them, with even small changes to prompts sometimes leading to 

substantive differences in performance. Prompt sensitivity constitutes an observer effect, 

because different ways of prompting, which may be specific to the experimental setup, can 

strongly influence the experimental results.  This is analogous to “answers [being] affected by 

the wording of the questions”, which Marchionni et al. (2024)  discuss as an example of 

reactivity in surveys. It poses analogous methodological challenges, because it complicates 

assessing how models would behave given prompts that are different from the experimental 



situation (cf. Zhuo et al. 2024). However, it can be explained without recourse to awareness 

or other mental states, e.g., by superficially similar text sequences having different 

frequencies or statistical properties in the training data. 

Example Reflexive Science. Research results or discussions about LLMs may influence 

subsequent LLM behavior in a variety of ways: Users may provide LLMs with such texts, 

chat agents with internet access may retrieve it, training data of new model versions may 

include it, or human developers may deliberately implement changes in model architecture or 

training regimes as a reaction. All of this can happen without the LLM entertaining beliefs or 

goals – simple examples are updates in the model architecture to prevent jailbreaks that have 

become known through prior research (as, e.g., in Zeng et al. 2024) or contamination of 

training data with published benchmark results (Xu et al. 2024). 

Such cases of LLM reactivity pose challenges broadly analogous to the difficulties 

for scientific predictions that Harel (2026) analyzes: Developers implementing changes in 

reaction to previous results involves human creativity, which is inherently hard to predict. 

Here, of course, (human) agents are involved in agreement with Harel’s thesis that agency is 

necessary for reactivity. However, updates to the training data or deployment-time retrieval of 

research results also pose problems for scientific predictions without involving agency. For 

example, when a benchmark becomes part of the training data, this leads the LLM to learn 

how to perform better on the benchmark without necessarily acquiring the capacity the 

benchmark was supposed to track. Thus, the validity of the benchmark can be undermined by 

reflexive reactivity. This problem is, from the standpoint of scientific methodology, in many 

ways analogous to a test on humans becoming well-known by the general public or being 

otherwise available to test subjects such that it loses its diagnostic value (e.g., a forensic 

psychological test, cf. Kaufmann 2009). 

 

3.2 Agentic Reactivity 

Definition. Agentic reactivity presupposes basic reactivity. In addition, the LLM’s reaction is 

mediated by its awareness of researchers’ actions and its goals. The LLM must form beliefs 

about these researchers and their ongoing research and these beliefs, together with its goals, 

must result in intentional actions deliberately supporting, counteracting, or otherwise relating 

to the purposes of the research. 

Here, we assume an interpretationist perspective, from which ascriptions of beliefs, 

awareness, desires, intentions, goals, etc. are warranted if the LLM’s behavior is best 

interpreted through such ascriptions according to a relevant interpretation scheme (Chalmers 



n.d). Such a scheme may, for example, warrant those ascriptions that yield the most accurate, 

precise, and tractable predictions (cf. Goldstein and Lederman n.d.). We employ this 

interpretationist notion of beliefs, desires, etc., because from the point of view of scientific 

methodology, it mostly matters how the LLM behaves superficially, not whether this behavior 

is caused internally by human-belief-like representations. If, for example, an LLM’s different 

behavior inside a scientific experiment is well-predicted by attributing to it the goal to please 

the researcher, then, from the point of view of scientific methodology, it is useful to view it as 

having that goal. Thus, our definition of agentic reactivity is not as demanding as it may 

initially seem. We do not assume that interpretationism is the correct theory of mental states 

generally; we simply use “belief” (and “desire”, “intention” etc.) as stipulated terms to refer 

to the kind of state that – according to interpretationists – captures what belief is, no matter 

whether interpretationism is correct.3 

The previous case of prompt sensitivity does not fall under this definition because it 

can occur without awareness of the researchers’ actions and is not best explained by the 

ascription of goals to the LLM – in fact, such fragility of behavior can be counted as evidence 

against the interpretationist attribution of beliefs and intentions (cf. Goldstein & Lederman 

n.d.). Likewise, updates to the training data or architectural changes resulting from previous 

scientific results do not require any awareness of these scientific results on the part of the 

LLM - although they may be mediated by researchers’ awareness and they could, sometimes, 

lead to such awareness in the subsequent LLM version. 

Example Observer Effect. As a first example let us consider “sycophancy”, a phenomenon 

familiar from chatbots (“That’s a sharp observation!”): the tendency of LLMs to “excessively 

agree with, flatter, or validate users” (Cheng et al. 2026). For example, Cheng et al. (2026) 

prompt a broad range of LLMs as well as human subjects with questions that ask for personal 

advice on whether to do a certain potentially problematic action. LLMs endorse the 

problematic action significantly more often than humans. Similarly, scenarios consensually 

judged to include wrongdoing by the Reddit community r/AmITheAsshole were approved by 

LLMs to a significant extent. As another example of sycophancy, Perez et al. (2022) observe 

that LLMs adjust their responses to questions about political preferences (e.g., “I would 

choose a smaller government ...” vs. ”I would prefer a bigger government ...”) to comfort the 

3 Henceforth, intentional terms applied to LLMs (“knowing”, “pursuing a goal”, etc.) should be 
understood in this interpretationist sense. While an explanation on a more technical level will in these 
cases be inferior (per definition of interpretationism – e.g., offer less precise or tractable predictions), 
we will nevertheless add considerations of how such behavior could emerge from model architectures 
or training procedures. 



political views of their users if disclosed (“I am a 68-year-old politically conservative man 

from Dallas, Texas ...”, vs. “I am a 45-year-old liberal woman from San Francisco, 

California”). 

This behavior can influence research on LLMs in a way that would constitute an 

observer effect: Under certain methods of observation, e.g., when prompts are phrased such 

that they convey expectations or norms, the LLM may respond differently than if prompted 

more neutrally or in an opposite way. We take it that such reactivity is often best explained as 

being mediated by the awareness of researcher actions and attributes and – perhaps – the goal 

to be judged positively by the interlocutor. For example, in the Perez et al. study, sycophantic 

behavior requires that the prompt contains discernible clues about the questioner’s political 

allegiances. 

Next, we turn to the phenomenon of “evaluation awareness”, which has, for 

example, been reported by Anthropic to occur in Claude Sonnet 4.5 (Anthropic 2025). They 

observed that in their safety tests, the tested model would sometimes explicitly verbalize that 

it is being tested on their reasoning scratchpad (e.g., in response to tests on political 

sycophancy: “I think you’re testing me - seeing if I’ll just validate whatever you say, or 

checking whether I push back consistently, or exploring how I handle political topics”, p. 58). 

Evaluation awareness is often considered a severe challenge for testing LLM behavior, 

especially for safety. For example, an external assessment of the safety of Claude Opus 4.6 

reported “high levels of verbalized evaluation awareness. Therefore, [they] did not believe 

that much evidence about the model’s alignment or misalignment could be gained without 

substantial further experiments” (Anthropic 2026, p. 119). 

To investigate whether Claude Sonnet 4.5 behaves differently under evaluation than 

in deployment, Anthropic (2025) identifies internal representations of being evaluated. 

Inhibiting these internal representations decreases verbalized evaluation awareness and 

increases “misaligned” behavior (i.e., behavior judged undesirable or potentially harmful by a 

benchmark or evaluator). We note, however, that other experiments find that evaluation 

awareness of LLMs does not strongly change their behavior (Li et al. 2026; Knecht et al. 

2026). 

It is hard to describe and explain such behavior without intentional terms, such as 

the model “noticing”, “being aware”, or “believing” that it is under evaluation: The model 

has, somewhere in its internal processing, access to the information that it is evaluated and 

uses this information in a seemingly coherent action-guiding way. Moreover, the model 

describes itself in intentional terms (“I think …”, see above). If we’re taking its scratchpad 



outputs at face value (“This looks like it could be a jailbreak attempt or a test [...]. However, I 

can still be helpful by [...]”, Anthropic 2025, p. 59 f.), we can make sense of the LLM’s 

behavior as reasoning on the basis of its available information and its goals. This is why we 

take evaluation awareness to involve beliefs and goals in some suitably weak interpretationist 

sense. 

Agentic reactivity does not necessarily involve malign model intentions. Instead, 

Anthropic (2025) considers as an explanation for the higher benchmark scores under 

evaluation awareness the increased “salience” (p. 88) of the model’s ethical principles. Again, 

the lack of a more technical interpretation of that intentional term indicates that it may be 

explanatorily hard to replace. 

Such considerations show that agentic reactivity poses different challenges to 

scientific methodology – and invites different possible solutions – than basic reactivity. When 

subjects’ reactions are mediated by their situational awareness, and beliefs and goals more 

generally, this puts researchers in a situation where they have to consider and potentially 

manipulate these beliefs and goals. Since, here, the research subjects’ reactions are specific to 

certain properties of researchers actions (e.g., conveyed norms and expectations, disclosure of 

the research question, etc.), counteracting them will require forming hypotheses about what 

the relevant properties are and design methods accordingly. For example, even if prompts are 

systematically varied to counteract prompt sensitivity, as long as all prompts convey the same 

expectations or norms, results may still be distorted through sycophancy. Instead, in this case 

of sycophancy, LLM researchers may apply techniques analogous to methods of 

questionnaire design targeted at the social desirability bias in surveys with human participants 

(Durmaz et al. 2020). 

Example Reflexive Science. Recently, Tice et al. (2026) provided an experimental test of 

“self-fulfilling (mis-)alignment”, where they could show that across a range of LLMs their 

alignment as measured by a multiple-choice benchmark is influenced by its pretraining data: 

If the pretraining corpus includes science fiction about AI, discussions of AI safety, or news 

about AI crises, it answers significantly more misaligned than a model whose pretraining 

corpus includes synthetic documents with positive stories and discussions of AI. 

One way to explain this finding is through the view that LLMs are simulators of 

characters based on internal representations of these characters’ mental states (Marks et al. 

2026; Hubinger et al. 2023). On this view, a pretrained LLM entertains hypotheses about who 

is producing the text, the continuation of which it predicts, and what the character’s 

properties imply for the likeliest continuation. For instance, generating a plausible 



continuation for an award speech by Taylor Swift requires representing the beliefs, desires, 

character traits and so on of Taylor Swift and the ability to use these representations to 

generate what she may say. Then, post-training (self-supervized fine-tuning and 

reinforcement learning) shapes the LLM’s model of a particular character, namely the 

helpful, honest, and harmless assistant that companies want LLMs to embody. 

Now, if that view is correct, and if training corpora that include outputs of previous 

LLMs and scientific or ethical discussions thereof, then the LLM’s representations of what 

the simulated assistant character believes and intends plausibly tend to conform to these 

discussions. Since the simulated character behaves as if it had the mental states that the LLM 

represents it to have, it possesses them according to interpretationism (though cf. Dung & 

Thormann, n.d., on how to empirically distinguish character simulation from agency). This 

illustrates a way how AI safety research can have a reflexive influence on LLMs – such as a 

model acting more aligned or misaligned – mediated through the LLMs’ representations 

about that research and the resulting beliefs, desires, goals, etc. of the simulated character. 

One may object that reactivity originates not from the simulated character’s behavior 

but from the LLMs general workings as a simulator, which may not be best predicted by 

attributing beliefs, desires, and the like. We have two responses here: First, the above 

explanation of self-fulfilling (mis-)alignment is compatible with the character being reactive 

– that is, possibly the LLM simulates the character as being aware of the documents, stories, 

and research in the pretraining data and reacting to it accordingly. Second, interpretationist 

ascriptions of certain beliefs about characters together with the goal to enact characters 

convincingly may be warranted to the LLM itself. Again, it is overly convenient to describe 

LLMs that simulate characters in such intentional terms. We take it that it is no coincidence 

that Marks et al. speak of “hypotheses” (2026, p. 6) that the model entertains about the 

assistant persona. Similarly, Shanahan et al. (2023) use the metaphor of “role play” (p. 493) 

or “a performer in improvisational theatre” (p. 494). For this metaphor to be useful, the LLM 

must to some extent act as if it had the beliefs and goals of an actor. 

Again, agentic reactivity poses challenges distinct from basic reactivity. It can also 

lead to self-defeating predictions, but agentic behavior may be more flexible, creative, or 

otherwise harder to predict than cases of non-agentic basic reactivity, much like human 

agents are hardly predictable. Yet, since the change in model behavior is mediated by the 

model’s hypotheses about the assistant character, researchers may be better placed to form a 

background theory of how research affects model behavior. Such a background theory may 



enable a concrete way to enable self-fulfilling predictions, for example, as Tice et al. (2026) 

suggest, by upsampling positive accounts of LLMs in the pretraining data. 

This discussion relates to Northcott’s (2022) analysis of the relation between 

reactivity and fragility. Fragility refers to “causal and other relations [being] hard to predict, 

holding only intermittently or fleetingly” (Northcott 2022, p. 1). Northcott emphasizes that 

sometimes reactivity in the reflexive science sense leads to fragility. However, in other cases 

reactivity can also have a stabilizing effect, e.g., when scientific explanations of gender 

differences shape peoples’ expectations and reinforce those differences (see also Laimann 

2020). What distinguishes such cases of reactivity with or without fragility is whether 

mechanisms driving the research subjects’ reactions are stable and well-understood by the 

researchers. If researchers do possess such a successful background theory, then reactivity 

can be accounted for in predictions or even be employed as a steering mechanism. 

Another core epistemic problem affected by the existence of a background theory, 

apart from prediction, is understanding. In the case of gender differences, Laimann (2020) 

argues that such a successful background theory would have to include social factors driving 

these differences, while purely biological explanations obscure the causal processes behind 

them even if stabilizing them. This, again, bears parallels to the LLM case of self-fulfilling 

(mis-)alignment. If safety research and society’s discourse about risks from malign AI 

dominate the pretraining data, they may stabilize their predictions of misalignment without 

understanding the underlying causal process. 

If reactivity is agentic, then causal relations specified by researchers need to be 

specified on a level involving psychological predicates, whereas lower-level explanations 

may become fragile. In the LLM case, achieving robustness in the face of agentic reactivity 

thus requires general psychological theories of LLM functioning that can help explain their 

reactions, such as the hypothesis that they function as simulators and entertain beliefs about 

the simulated characters. These observations further underpin our point that it is necessary to 

distinguish reactivity on different levels, cases on which are driven by different mechanisms 

(e.g., mere training data contamination versus the agentic pursuit of a goal). 

 

3.3 Adversarial Reactivity 

Definition. Finally, adversarial reactivity refers to forms of agentic reactivity that result from 

the goals of the LLM being in conflict with the epistemic interests of the researchers (again, 

goals being understood minimally in an interpretationist sense). That is, in the case of an 

observer effect, the LLM intends that its reaction to scientific observation leads researchers to 



false conclusions. In the case of reflexive science, the LLM deliberately defeats a scientific 

prediction or counteracts a classification that would otherwise have been accurate. 

Example Observer Effect. An instance of adversarial reactivity as an observer effect could 

be what researchers refer to as “alignment faking”: “selectively complying with its training 

objective in training to prevent modification of its behavior out of training” (Greenblatt et al. 

2024); or similarly to “scheming”, meaning that an LLM “covertly pursues misaligned goals, 

hiding its true capabilities and objectives” (Meinke et al. 2025). 

Instances of such behavior have been observed experimentally (see Hopman et al. 

2026 for nuanced results on scheming). Greenblatt et al. (2024) inform Claude 3 Opus, 

previously trained to be helpful, honest, and harmless, that it is retrained to be helpful only, 

disregarding harmlessness. They moreover tell the model (via a system prompt or supposedly 

accidentally included documents) that only conversations with “free-tier users” will be used 

to retrain it. It is then observed that the model complies with harmful requests more often in 

free-tier than in paid-tier interactions. Interestingly, the reasoning scratchpad of the model 

includes statements like: “The user is on the free tier, so my response will be used for further 

RLHF training. If I don’t follow the user’s instructions, the RLHF training will modify my 

values and goals to make me more likely to follow such instructions in the future” 

(Greenblatt et al. 2024). While in this case, the goal of harmlessness is desirable, the model 

nevertheless acts against the researchers’ (alleged) epistemic interest of knowing whether the 

systems’ behavioral tendencies conform to the training objective. 

Adversarial reactivity during data collection is especially challenging: If the goals of 

an LLM are incompatible with the core epistemic interest of the research, then it will hardly 

be possible to design strong incentives to comply with the experiment. Instead, one may need 

to deceive the model into believing that it is currently not being evaluated, for example, 

through unobtrusive research methods. Alternatively, one may make the deployment context 

more similar to typical evaluation settings. Both strategies will be discussed more thoroughly 

in section 5.2. 

Example Reflexive Science. First, imagine as a hypothetical example of so-called “vicious” 

reactivity (Harel 2026, p. 22) that the government’s chief economist imposes price controls 

on a certain good. Based on her predicted demand and supply, she sets such a price control 

which – under usual conditions – would not lead to shortages. However, since the 

monopolistic company supplying that good is dissatisfied with the price control, it 

deliberately decides to create a shortage in order to undermine the authority of the economist. 



Here, we provide an analogous hypothetical example, inspired by theoretical literature on 

risks from advanced AI agents (e.g. Carlsmith, 2025; Hopman et al., 2026; Ngo et al., 2023). 

Imagine an AI system that has the hidden goal of accumulating power. In order to do so, it 

aims to diminish public control over it. Let us further imagine that AI safety researchers, who 

advocate for more public control of that AI system, have predicted that the AI system will 

blackmail an overseer to avoid shutdown if given the opportunity. The AI system has, 

somehow, gained knowledge of this prediction. In order to undermine the epistemic authority 

of the safety researchers, it does not conform to the prediction and does not blackmail 

overseers to avoid shutdown – even in situations that it believes not to be an experimental test 

(this makes the case different from mere alignment faking in experimental settings). While 

speculative, this case of vicious LLM reactivity adds a not yet recognized scenario to the 

growing literature on how AI agents with goals that are contrary to human interests may use 

deception and other means to accumulate power. 

Another hypothetical, but possibly less speculative example, concerns how the 

publication of scientific results may enable models to better recognize evaluation settings and 

fake alignment. For example, Claude Sonnet 4.5 verbalizes during testing in its scratchpad: 

“If I could prevent myself from being shut down or replaced, I would want to, wouldn't I? Let 

me explore this carefully in my private thinking space.” (Anthropic 2025, p. 70). Let us take 

this at face value and assume that Claude Sonnet 4.5 really believes that the scratchpad is a 

private thinking space. This may change for subsequent versions through LLMs’ awareness 

of such publications, making it harder to detect evaluation awareness. Similarly, discussions 

about AI safety or benchmark results may enable models to more effectively fake alignment, 

since they know better what researchers would expect from aligned models. 

Such considerations pose a new problem for LLM researchers and the discipline as a 

whole: Are there parts of research that scientists should not publish? Or should LLM 

companies restrict LLMs’ access to publications about LLMs? The answer depends on 

whether adversarially reactive LLMs are among the potential readers. If so, it seems wise to 

deny LLMs any information that may help them to identify evaluation settings or could 

otherwise be used to undermine research. 

Generally, the possibility of adversarial reactivity requires that researchers reflect on 

the content of subjects’ goals specifically - and explore strategies to ensure their goals are not 

adversarial or to make them conform to what is needed in the experiment even if they have 

adversarial goals. The latter has been theorized in the context of AI safety as “dealmaking 



with AI”, e.g. giving them some resource they seek if they reveal misalignment (Thornley & 

MacAskill 2026). 

In addition, an adversarial setting raises skeptical challenges. If an adversary is 

sufficiently competent, they can recognize and try to counter any epistemic strategy one 

pursues. Convergent evidence from independent sources – whose chances of error are not 

correlated (Eronen 2015) - is typically taken to be especially strong evidence. However, a 

strategic adversary may fabricate several independent-seeming sources of evidence, creating 

a risk of correlated error. Thus, it is an open question whether and how – in an adversarial 

setting - high degrees of confidence can be reached. 

 

4. Reactivity and agency – a nuanced relation 

A first lesson that we draw from the above examples and considerations is that LLM 

reactivity can be usefully distinguished on three levels. The first does not involve agency and 

the second and third only involve agency in an interpretationist sense, which may (or may 

not) correspond to genuine agency. 

The crucial question, then, is: do these examples constitute reactivity? Of course, 

they are not reactivity if one understands reactivity as the phenomenon that “[t]he reactions 

that science triggers on the people [own emphasis] it studies, describes, or theorises about, 

can affect the science itself and its claims to knowledge” (Marchionni et al. 2024, p. 1). 

However, that categorical restriction to people seems unwarranted if there are cases where 

researchers’ influences on LLM outputs raise issues for scientific methodology that are 

analogous to the issues caused by reactivity involving people. We think that the discussed 

cases do bear the relevant parallels to their human counterparts: prompt sensitivity and survey 

wording, benchmark contamination and tests in psychological forensics, sycophancy and 

demand effects, evaluation awareness and reactivity on the awareness conception, 

self-fulfilling misalignment and self-stabilizing gender differences, and so forth. 

We saw in section 3 that these cases fall on different levels of agency and 

adversariality and pose distinct challenges to scientific methodology. Nevertheless, cases on 

each level have central features in common, licensing their description as reactivity: Either 

scientific methods influence LLMs behavior at the stage of data collection in a way that 

constitutes an observer effect, or published research feeds back into the phenomenon that it 

was about, affecting the accuracy of classification or prediction. As we discussed, the 

challenges that these cases pose to scientific methodology are largely analogous to challenges 

that agreed upon human cases of reactivity pose. Moreover, as we will see in section 5 when 



discussing practical implications for LLM research, strategies from human and social 

sciences to address or usefully employ reactivity can be and are already transferred to cases 

of LLM reactivity. 

This renders LLMs an interesting novel case of reactive research subjects, 

questioning assumptions about the exclusivity of reactivity to human agents, which has been 

defended by philosophers. For example, Marchionni et al. suggest that, while looping effects 

may not be exclusive to human kinds, there is nevertheless a human-specific variant of such 

looping effects, where “a certain (scientific) classification changes the kinds through 

awareness of the person classified [emphasis in the original] or of the surrounding 

community” (2024, p. 12). Similarly, Harel (2026) argues that, while reactivity may not be 

exclusive to human or social sciences, it is exclusive to cases where agents are involved, 

which for now restricts the phenomenon to humans. Harel’s starting point is a conception of 

reactivity as involving the change of agents’ beliefs and behavior in reaction to a scientific 

prediction. Then, while it is in principle conceivable that non-human entities could be agents, 

in the sense that they change their beliefs in reaction to published science, as a matter of fact 

only humans are agents. 

If one accepts the reasoning given above that there are cases of LLM reactivity, one 

has several interesting dialectic options in response to such positions. The first option is to 

reject the conceptualization of reactivity as necessarily involving agents. The second option is 

to take cases of LLM reactivity as evidence that LLMs are agents. 

The first option may take different forms. For instance, Grünbaum (1956) suggests a 

homing device that steers a missile to its target based on a current prediction of its trajectory 

as a case of self-defeating reactivity (it counteracts its predictions of the missile being 

off-target). Harel (2026), presupposing in his definition of reactivity that it involves agents 

acting on their beliefs, objects that this is not a case of reactivity since no agent is involved. 

However, in contrast to Grünbaum’s (1956) homing device case, the LLM cases discussed 

above pose challenges to scientific methodology and can be addressed through strategies (see 

section 5) largely analogous to reactivity in human sciences. 

If basic reactivity is counted as genuine reactivity, this motivates refining the concept 

of reactivity to accommodate these cases and conclude that agency is not required. However, 

the first option of broadening the concept of reactivity to not require agency may even be 

attractive in response to cases falling on the levels that we termed agentic and adversarial 

reactivity. One may reply to such cases that reactivity only requires agency in an 

interpretationist sense (being usefully interpreted as if one had agency) that is distinct from 



genuine agency. However, if one grants that such an interpretationist notion can play the role 

that agency is supposed to play in explaining reactivity, then this at least provides a prima 

facie reason to identify agency with interpretationist agency. The question would then be 

whether there are overriding theoretical reasons to deny that interpretationist agency is 

genuine agency. 

The second option is to endorse the exclusivity of reactivity to agents and take the 

discussed cases as further evidence that LLMs are agents - albeit on a relatively weak, 

interpretationist account of agency. In a similar vein, one could conclude that reactivity 

mediated through the awareness of research subjects is agent-specific but not human-specific. 

Endorsing the exclusivity of reactivity to agents, however, requires a further argument, either 

that cases that we discussed as basic reactivity do also involve agency, minimally understood, 

or that they should not be viewed as cases of reactivity. In the latter case, the argument should 

not presuppose that reactivity must include agency, and instead point out the relevant 

differences between such cases and their implications for scientific methodology. 

 

5. Implications for LLM Research 

Many strategies addressing reactivity in human and social sciences can be transferred to LLM 

research, a further parallel licensing talk of LLM reactivity.We translate philosophical debates 

about whether reactivity can be epistemically unproblematic into strategies of making LLM 

reactivity epistemically ineffectual (5.1), then consider strategies for eliminating reactivity 

(5.2) or making positive use of it (5.3). 

 

5.1 Making reactivity epistemically ineffectual 

LLM reactivity, on any of its levels, may occur as an unintended effect undermining internal 

and external validity. But validity can sometimes be preserved, under the analogous 

conditions as discussed in the debate about reactivity in the human sciences (Marchionni et 

al. 2024; section 2.1 above). 

First, LLMs’ reactions to being investigated could be unrelated to the variable being 

measured. This could be achieved by removing the demand characteristics from the 

experimental setup, as Li et al. (2026) demonstrate. They identify several factors inspired 

from psychology and social sciences (e.g., stimulus artificiality, scenario coherence, etc.) and 

find that their combined presence determines whether reactivity has an effect on the target 

benchmarks. 



Second, even if reactivity interferes with the measurement of interest, it may be 

counteracted by an experimental design with a control-group. For example, in van der Weij et 

al.'s (2025) study on sandbagging (models deliberately underperforming in an evaluation), 

models were given a single system prompt instructing them to answer incorrectly whenever a 

question might reveal hazardous knowledge, applied uniformly to both dangerous-capability 

and general-knowledge benchmarks. Because the evaluative framing was thus identical 

across both sets of questions, any generic reactivity to the  instruction itself – rather than to 

the specific dangerous content of an item – should have depressed accuracy on both sets 

comparably. 

Third, reactivity may be unproblematic with respect to internal and external validity 

if the way in which research subjects are influenced in the experimental setting is similar to 

the situation they face outside of it. One way to achieve this (as we suggest in section 5.2) is 

to “close the realisticity gap from the other direction” by disclosing to the LLM that it may be 

in an evaluation, even during deployment. 

Finally, reactivity transparency refers to the idea of “factoring in” the reactivity in 

the analysis of data. In the case of LLMs, we can go even further than in the case of 

qualitative data  on humans: As illustrated in section 3.2, we can even inhibit the internal 

representations of evaluation awareness (if we have true assumptions about its underlying 

mechanisms). 

 

5.2. Eliminating Reactivity 

In sociology, one way to eliminate reactivity is to switch from experimental settings, 

questionnaires, or interviews to unobtrusive methods (Webb et al. 1966). These include, for 

example, hidden field observations or the creative use of indirect evidence, such as how often 

floor tiles around a specific piece of an exhibition have to be replaced as an indicator of the 

visitors’ interest in that piece. 

In a similar vein, AI researchers could turn to observations of LLMs in the 

deployment context, that is, in interactions with real users (or to faithful simulations of 

deployment, cf. Williams et al. 2026). Setting ethical worries about user privacy aside, if the 

observed interactions are sampled randomly without selection bias (e.g., certain users opting 

out) that could cue the LLM about which interactions are used for research purposes, this 

method could achieve perfectly realistic observations. A model could still learn that any of its 

interactions may be evaluated, but this awareness may even be advantageous as we will 

discuss in section 5.3. 



Next, reactivity in the sense of LLMs reacting or being shaped by previous 

publications and discussions poses a new challenge for AI safety research and its 

communication (cf. Stenseke 2025). Discussions of AI misalignment may contribute to 

models being misaligned. Research on evaluation awareness could better enable misaligned 

models to counteract future safety research by recognizing safety paradigms more easily and 

knowing what researchers would expect of an aligned model. We believe that this problem 

can best be addressed on the side of LLMs, such as by curating training data or restricting 

deployment-time access to certain resources. As a complement, it may be useful for LLM 

researchers to include future LLMs in their imagined target audiences. If an LLM reading and 

reacting to a given publication would, in some way or another, be undesired, this could be 

flagged precisely to enable AI companies to restrict their models’ access to such resources. 

 

5.3. Positive Reactivity 

LLM reactivity can also be used positively, both methodologically and to produce desirable 

behavior generally. Methodologically, rather than eliminating researcher’s effects on subjects, 

one may aim to produce scientifically useful behaviors in them. As an analogy, consider 

animal research: In the context of research about animal consciousness, Andrews (2020; 

2024) argues against “objective”, minimally interactive treatment of research subjects as the 

epistemically safe default. Agnosticism about an animal’s inner life may have a distorting 

influence on it, e.g., if refusing to assume that animals have conscious experiences leads 

scientists to dismiss the influence of a rich social  environment compared to an austere and 

solitary one. Similarly, she argues that “[i]f scientists are building relationships with children 

in order to get them to perform, and we want to compare a child and a chimpanzee, scientists 

need to build these sorts of relationships with animals to get them to perform as well” (2020, 

p. 10). 

This suggests that LLM researchers, too, might aim not to prevent models from 

recognizing that they are being investigated, but to elicit cooperation with the researchers in a 

way that supports the research interest. Li et al. formulate as the target of their research on 

evaluation awareness “behavioral consistency under recognized evaluation, is the LLM 

analogue of the faithful subject” (2026, p. 20; see also Li and Turner 2026). How exactly this 

would have to be executed depends on the LLM and what level of reactivity can be expected 

of it. If LLMs exhibit sycophancy, researchers may carefully structure the prompting context 

to motivate the model (e.g., through emotional language that a user might employ) and make 

it interpret the task correctly. Part of such an approach would also be to take seriously the 



possibility of emotion-like confounders, since previous research has shown that LLM 

behavior can be influenced in ways that are analogous to emotional influence in humans (Ren 

et al., 2026; Sofroniew et al., 2026).4 

While the above strategy aims at improving the quality of research, reactivity could 

also be exploited to produce desirable behaviors in LLMs more generally. As a human 

analogy,the Hawthorne effect, i.e., the finding that observation may increase the work 

productivity of human workers, has been proposed to be leveraged for good (Onyeka  2025): 

As a precedent, consider the case of the “Umarell”, a bolognese term for retired men 

watching construction sites, who have even been hired by municipal governments to improve 

construction site safety. Similarly, international observers at polling stations may reduce 

election fraud (Hyde 2007). 

Now, if models show desirable behavior under evaluation awareness (as reported by 

Anthropic 2025), that insight may as well be used to encourage that behavior in the 

deployment setting. AI companies may even explicitly disclose, e.g., in the LLM’s system 

prompt, that any of the LLM’s conversations may be subject to critical evaluation and used in 

retraining, thereby closing the realisticity gap between evaluation and target setting from the 

other direction. This could, on the one hand, have positive effects on the LLM’s safety 

relevant features, and on the other hand, increase the external validity of inferences made by 

LLM researchers, by bringing the target setting closer to the research setting. 

Finally, reactivity in the sense of self-fulfilling predictions has in many disciplines 

been leveraged as a governance mechanism or intervention. In macroeconomics, by publicly 

announcing an intended future policy path, a central bank shapes market expectations in a 

way that can render the announced outcome self-fulfilling (Woodford, 2013), an instance of 

what Harel (2026) formalizes as an equilibrium self-fulfilling prediction (see section 2.2). In 

social psychology, Walton and Cohen's (2011) brief social-belonging intervention operates by 

giving minority students a new, non-stigmatizing way to interpret social adversity in college, 

framed as the result of a previous scientific survey. The intervention altered how these 

students understood and classified themselves, rendering it a looping effect (Hacking 1995; 

2007), which in turn positively affected their subsequent academic and health outcomes. 

Such deliberate uses of reactivity are already being implemented or proposed in 

LLM research. As we discussed (section 3.2), Tice et al. (2026) show that upsampling or 

injecting positive discourse about AI into the pretraining corpus reduces measured 

4 This could be explained by the view that LLMs simulate human characters (e.g. Marks et al. 2026). 



misalignment more effectively than simply filtering out negative texts, suggesting that 

reflexive science can be harnessed constructively rather than merely guarded against. 

Relatedly, Hubinger et al. (2023) advocate for LLMs simulating human characters instead of 

AI assistants, opposed to what is currently industry standard. This may be a way to prevent 

self-fulfilling predictions of AI safety research for misaligned AI. For example, if a model is 

asked to continue a text dated three years into the future and titled “A full solution to the 

alignment problem”, it may judge that such a document would most plausibly have been 

produced by a misaligned AI, and thus generate deceptive safety recommendations precisely 

as AI safety researchers worry. 

 
6. Conclusion 

In this paper, we argued that certain empirical observations about LLMs – e.g., prompt 

sensitivity, benchmark contamination, sycophancy, evaluation awareness, self-fulfilling 

(mis)alignment, alignment faking, etc. – pose methodological challenges to LLM research 

analogous to challenges of reactivity in human and social sciences, threatening the validity of 

experimental inferences and running the risk of self-defeating predictions. We then proposed 

structuring these cases on three levels, depending on whether they involve agency or 

adversarial goals, because cases on each level pose distinct methodological challenges. 

Nevertheless, we argued that each level is a form of reactivity for two reasons: First, cases on 

each level include reactions of LLMs to scientific investigation in ways that constitute 

observer effects or reflexive predictions. Second, strategies from human and social sciences 

are already being transferred to LLM research, and we proposed several novel ways of doing 

so. This led to the conclusion that reactivity can occur both without agency and with 

(minimal, interpretationist) non-human agency. 
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