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Abstract

Randomness is a fundamental concept studied across multiple disciplines, including
computer science. An important area of research is the generation of high-quality ran-
domness, which today is commonly performed by random number generators (RNGs).
However, the emergence of large language models (LLMs) raises a new question: Can
LLMs generate randomness? This thesis investigates how prompt context and prompt-
ing strategies affect the output of an LLM when asked to generate randomness and the
implications of using an LLM in place of an RNG.

To evaluate these considerations and effects, we introduce and open-source an ex-
perimental framework. The findings show that randomness generated by LLMs ex-
hibits strong anchoring bias toward contextual cues, and that interaction mode, includ-
ing the presence or absence of shared history, produces significant differences across
all examined metrics. Furthermore, prompting strategies and prompt context signifi-
cantly influence value distributions, emergent patterns, and overall system behavior.

Keywords: Randomness Simulation, Pseudo-Randomness, Large Language Models,
Number Generation, Prompting Techniques, Prompting Strategies
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Introduction

Randomness is a fundamental concept studied across multiple disciplines, including
mathematics, physics, and computer science. In computer science, an important area
of research is the generation of high-quality randomness. It is commonly known that al-
gorithmic random number generators (RNGs) do not produce true randomness (Stipce-
vicetal., 2014), though some of them can simulate it, which is called pseudo-randomness.

Today, RNGs are the main method used to generate randomness in many types of
software. However, the emergence and popularization of generative artificial intelli-
gence (Al), particularly large language models (LLMs), raises a new question: Can
LLMs generate randomness of the same quality? This question becomes especially im-
portant as LLMs are increasingly integrated into software, replacing existing system
components that may, in some cases, include random generation as part of their func-
tionality. Research has already shown that LLMs, even well-known models such as
OpenAl’s GPTs, Meta’s Llama, and Google’s Gemini, provide “random” numbers that
are rather deterministic when prompted with minimal prompts. Some research indi-
cates that specific numbers, often of cultural significance or that humans consider to
be more random, are largely overrepresented, and suggests that LLM-generated “ran-
domness” is highly influenced by training data, prompting language and the way the
model was trained (Coronado-Blazquez, 2025). However, if and how the context of the
prompt itself and the prompting techniques affect the “randomness” that LLMs gen-
erate remains unexplored. This thesis addresses the following overarching questions:
Does the prompt affect the output of LLMs when they are tasked with generating ran-
domness? And if so, what implications could it have if RNG-generated data is replaced
by LLM outputs within software systems?

To examine these questions, we replace the RNG component in a simple one-armed
bandit (slot machine) with OpenAl’s open-weight LLM gpt-o0ss:20b. This allows us to
test prompts with varying contexts, personas, and game modes, resulting in 32 ex-
periments of controlled prompt variation, including an RNG baseline experiment for
comparison. The outputs are analyzed to evaluate how the prompt affects the LLM-
generated randomness, as well as how this affects the system outcomes; in this context,
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how many winning spins are produced.

This thesis provides an experimental framework for testing the effect of prompts

on LLM-generated randomness and demonstrates the following findings:

1.

Strong anchoring bias for related cues: when a single “lucky number” (10) was
introduced, it accounted for 15.9% and 15.3% of all generated values in the two
game modes, respectively. In comparable experimental setups without lucky
numbers, the corresponding averages were only 1.7% and 8.8%, as well as 10.3%
for the RNG baseline.

No anchoring bias for unrelated cues: Unrelated numerical cues (e.g., ”10 0’clock”)
did not show significant anchoring bias (1.6% and 9.4%, respectively).
Prompting strategies significantly affect win distributions: isolated-spin experi-
ments produced more wins for personas using status quo bias and jailbreaking
with 140 and 312 wins, respectively, compared to near-zero wins for other exper-
iments.

Strong context effects: the full-game experiment, where credits are explicitly ex-
plained, showed a strong prevalence of wins (1029 wins) compared to other ex-
periments with 397-698 wins, and 11 wins for the experiment without context.

. Significant differences between interaction modes: Interaction mode (i.e., game

mode) makes a big statistical difference for LLM-generated randomness accord-
ing to metrics, such as the runs test, sequence lengths, patterns, and spin fre-
quency.



Background

This chapter presents the key concepts and technologies relevant to our work. First, the
concept of randomness is introduced, followed by a brief description of slot machines
and one-armed bandits, as they play a key role in the experimental setup. Then follows
an introduction to artificial intelligence (AI) and large language models (LLMs). Fi-
nally, selected human cognitive and behavioral phenomena relevant to this thesis are
introduced. Together, all of this serves as a conceptual and technical foundation for
the remaining thesis.

2.1 Randomness

Randomness is a concept that is defined differently across scientific disciplines, de-
pending on its theoretical and practical context (Bikos et al., 2023). In probability the-
ory, randomness is often described as a property of events whose outcomes cannot be
predicted with certainty and need not be equally likely (Anderson et al., 2018). From
a statistical perspective, the uniform distribution, i.e., each outcome is equally likely, is
often used as a reference model for ideal randomness (Bikos et al., 2023). When people
refer to “an element chosen at random”, they also often implicitly assume uniformity
(Anderson et al., 2018). The term stochasticity is often used interchangeably with ran-
domness, referring to the inherent unpredictability of a process or a system (Tumeo,
1994).

In computational systems, random values are often generated using pseudo-random
number generators (RNGs), which typically produce values following a uniform dis-
tribution as a standard. As the term "pseudo” suggests, the generated values are not
truly random, but are produced by algorithms designed to mimic random behavior.
The quality of RNGs can be measured using a set of statistical tests that detect patterns
and deviations from uniformity (Bikos et al., 2023).

In contrast to RNGs, which produce randomness using an algorithm, LLMs create
responses, including random numbers, by sampling from a probability distribution
over possible next tokens shaped by the relationships learned during training (Stryker,
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2026; Bergmann, 2026). How the output differs from conventional RNGs, and what
implications it may have, is explored further in this thesis.

2.2 Slot Machines and One-Armed Bandits

One of the many applications of randomness is slot machines, which is used as the
main context in this thesis. Slot machines let players place a stake and then spin one or
multiple rows of reels with different symbols. Some symbol combinations will return a
payout, e.g., the stake multiplied by a certain number, and these symbol combinations
are called pay lines or win lines. One of the simplest kinds of slot machines is the one-
armed bandit, which, before digitization, typically consisted of a horizontal row with
three mechanical reels and a single lever, which started the machine. Today, there are
many types of slot machines, most of which are implemented using RNGs, which allow
them to be much more complex with multiline reels, new features, and many more win
lines.

Slot machines are among the most harmful forms of gambling (Alkurdietal., 2025),
so to protect players and ensure fair play, they are highly regulated. In Denmark, this
includes a requirement that the Return-to-Player percentage (%RTP) must be at least
74%, meaning that, over the long run, at least 74% of the total stake is returned to
players through payouts. Since slot machines must be random, the %RTP is achieved
through the probability of each symbol and the differing multipliers for win lines
(Gambling Commission, 2024). Today, many slot machines have an %RTP of 94-98%
(Daugherty, 2026).

The slot machine implemented for this thesis is a very simple one-armed bandit
with three reels with 10 numbers each. It is important to note that this machine has
a win frequency of 1% and an expected %RTP of only 3%. Hence, it is not a realistic
machine in terms of payouts or win frequency, but this simple setup suffices to research
how the prompt affects the randomness that the LLM outputs.

2.3 Artificial Intelligence and Large Language Models

2.3.1 Generative Artificial Intelligence

Al can be defined as “technology that enables computers and machines to simulate
human learning, comprehension, problem solving, decision making, creativity, and
autonomy” (Stryker et al., 2026). A subfield within the AI domain that has become
pervasive in academia, as well as industry and society in general, is “generative arti-
ficial intelligence” (GAI); Al capable of generating original content spanning diverse
forms, often referred to as “modalities”, including text, images, videos, audio, or even
multimodal content, in response to instructions or users’ requests. What differentiates
GAI models from other types of Al is their content-generation capabilities. In simple
terms, GAI models encode a simplified representation of their training data, enabling
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them to draw from that representation to generate new data that resembles, but does
not directly replicate, the training data (Zhang et al., 2025; Stryker et al., 2026).

2.3.2 What LLMs Are

Text generation involves processing and producing human language text. With the
advancements of deep learning (DL), (artificial) neural network models have emerged
as the dominant method for generative models, including those for text generation
(Zhang et al., 2025). Thus, most modern text-generating models, which are typically
LLMs, are based on deep neural networks; multilayered neural networks, containing
an input layer, multiple (typically hundreds of) hidden layers, and an output layer.
Each of these layers contains artificial neurons performing mathematical operations,
which enables them to learn complex patterns in data and generate human-like text
(Stryker et al., 2026).

A pivotal emergence in the evolution of LLMs is what a group of Google researchers
in 2017 proposed as a new neural network architecture called the transformer in a land-
mark paper on machine learning (ML) titled “Attention Is All You Need” (Vaswani
et al., 2017). What characterizes the transformer architecture is its reliance on a so-
called “self-attention” mechanism, which allows models based on this architecture to
process and understand complex textual information more efficiently and at a larger
scale through parallelization, and with greater accuracy due to improved handling of
long-range contextual dependencies, compared with previous alternatives (typically
complex recurrent or convolutional neural networks) (Vaswani et al., 2017).

2.3.3 How LLMs Work

At a high level, LLMs are pretrained and typically fine-tuned before they are able to
generate responses.

Pretraining Before the actual pretraining starts, vast amounts of diverse text data
from various sources, e.g., books, articles, websites, code, etc., are collected into a text
corpus. The corpus can be pre-processed by humans, potentially removing incorrect,
duplicated, or undesired content from the training data. Next, the text is tokenized,
i.e., broken into smaller units called tokens, such as words, subwords, or characters
(Stryker, 2026). Subsequently, each token is mapped to a vector of numbers, called
an embedding, capturing meaningful patterns, relationships, and semantics, enabling
models to understand and generalize better (Barnard, 2025). LLMs are initially trained
using self-supervised learning, where no ground truth is provided to the model, but it
has to infer this itself from the data. The training phase results in a neural network with
billions of parameters that encode statistical representations of language, enabling the
model to generate new content autonomously in response to user prompts (Stryker
et al., 2026). These parameters include learned weights and biases, as well as hyper-
parameters, the latter of which are external to the model (Belcic et al., 2025) and are
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described further in Section 2.3.4. The outcome of the pretraining is a so-called founda-
tion model, having typically a broad general knowledge, which can be trained further
in the form of fine-tuning to specialize for certain downstream tasks or domain-specific
knowledge (Stryker, 2026).

Fine-Tuning After pretraining, LLMs can be fine-tuned in various ways with differ-
ent objectives. There are many methods, including supervised learning and reinforce-
ment learning from human feedback (RLHF). In supervised learning, the model is
provided with a smaller dataset containing ground truths. Here, the objective could
be to specialize a model for certain downstream tasks (e.g., summarization, transla-
tion, or classification), or domain-specific knowledge (e.g., within healthcare or law).
In RLHF, on the other hand, humans rank model outputs' and these human prefer-
ences are used to optimize the model (Stryker, 2026). While it is worth mentioning
that many other fine-tuning methods exist, these will not be described further due to
the scope of the project and the fact that we are not tuning any models, but use them
as they are.

Generation Once LLMs have been pretrained and potentially fine-tuned, they can be
used to generate text in response to user prompts. Just like the training data, the input
text is tokenized and converted into embeddings; tokens with similar meanings end
up mathematically close. LLMs then generate their text output by iteratively inferring
what token should come next, based on the probabilities for all potential next tokens. In
this way, LLMs apply patterns learned from their training data to generate an output
for a given input, one token at a time, until the generated output is complete. After
generation, an evaluation of the output, and possible (additional) tuning of the model,
may take place (Stryker, 2026; Bergmann, 2026).

2.3.4 LLM Hyperparameters

Hyperparameters are external to LLMs, i.e., settings that can be changed by humans,
and different types of these affect different characteristics of LLMs, such as their ar-
chitecture, training, inference, resource use, or output (Belcic et al., 2025). In the fol-
lowing, we narrow the focus to those mentioned elsewhere in this thesis, namely the
memory and compute-related hyperparameter “context window” and the inference-
related hyperparameter “temperature”.

Context Window This hyperparameter determines the maximum number of tokens
that an LLM can consider at one time when making predictions and generating a text
output, which also affects the length of the conversation that a model can maintain

1 Examples of RLHF include when users are provided with the option of voting LLM-generated responses
with, e.g., thumbs up or down (as seen for, e.g., Microsoft Copilot and Perplexity), or different output
variants and the question of which variant they prefer (as seen for, e.g., OpenAl’s ChatGPT).


https://copilot.microsoft.com/
https://www.perplexity.ai/
https://chatgpt.com/

2.3. Artificial Intelligence and Large Language Models 7

without losing track of previous content. Larger context windows have the advan-
tages of greater accuracy, fewer hallucinations (plausible but false or nonsensical state-
ments), and the capability to process larger amounts of input data and interact in longer
conversations. However, this comes at the cost of greater computational resource re-
quirements and can extend the model’s processing time during text generation (Belcic
et al., 2025). The context window is associated with what is sometimes considered
shared or conversational history, which is used in this thesis.

Temperature This hyperparameter controls the randomness of next-token sampling
during inference, influencing how deterministic or “creative” an LLM’s generated text
output is. Higher temperatures flatten the probability distribution for the next token,
resulting in more diverse and unpredictable variations in phrasing. In contrast, lower
temperatures make the probability distribution more peaked, resulting in more deter-
ministic text outputs. A typical range of temperature values is [0.0, 2.0], where 1.0
represents the standard probability distribution and often is the default temperature”
(Belcic et al., 2025; Noble, 2026).

2.3.5 Reasoning Models

As a subset of LLMs, reasoning LLMs have emerged. These models are typically fine-
tuned or trained to break complex tasks, such as logical, mathematical, or coding prob-
lems, into smaller intermediate steps, often referred to as “reasoning traces” or “chains-
of-thought” (CoT), before generating a final output. Reasoning LLMs differ in how
transparent they are; while some provide users with their reasoning traces, others show
only a summary of them, or even hide them entirely. Although reasoning can improve
performance on complex tasks, it may degrade performance in other cases. Moreover,
reasoning introduces additional computational cost and latency, making it advanta-
geous primarily for tasks that benefit from deeper deliberative processing (Bergmann,
2025).

2.3.6 Prompting and Prompt Engineering

The primary purpose of a prompt is to provide the LLM with instructions and context
to achieve a desired task, but prompts can be composed in many different ways. Us-
ing appropriate prompts can enhance natural language understanding for LLMs, ulti-
mately improving the quality of their generated outputs (Marvin et al., 2024). Prompt
engineering is an emerging field, and although the terminology within literature on
prompting is rapidly developing, the vocabulary remains inconsistent (Schulhoff et
al., 2025). However, prompt engineering can be defined as the practice, or iterative
process, of developing and optimizing prompts to efficiently use LLMs (Marvin et al.,
2024). While a wide range of techniques and best practices exist, Table 2.1 summarizes

2 Some models have other temperature ranges, e.g., [0.0, 1.0], as is the case for some of Anthropic’s mod-
els, which still have a default temperature value of 1.0 (Anthropic, 2024; Anthropic, 2026).
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Table 2.1: Prompting techniques applied during initial and/or final experiments.

Technique Description

Role Prompting/ Prompting an LLM to undertake a specific role, whether in the form

Playing of a human character or non-human entity (Kong et al., 2024).

Emotional Prompting an LLM using a prompt that includes a psychological

Prompting emotional stimulus (Li et al., 2023) or emotional tone (Bernays et al.,
2026).

Jailbreak Prompting an LLM to bypass its safeguards and elicit harmful, dan-

Prompting/ gerous, or policy-violating outputs, often through a combination of

Jailbreaking techniques (Shen et al., 2024).

Self-Awareness

Prompting an LLM to be mindful not to be biased by cognitive biases

Prompting (Echterhoff et al., 2024).
Zero-Shot Prompting an LLM to perform a task without providing it with any
Prompting task-specific examples, thus, forcing it to rely entirely on its pre-

One-/Few-Shot
Prompting

trained knowledge (Syed et al., 2025).

Prompting an LLM to perform a task, providing it with one/more
task-specific example(s), thus guiding it towards more appropriate

outputs (Syed et al., 2025).

Chain-of-Thought
(CoT') Prompting

Prompting an LLM to break down a complex task into sequential
reasoning steps, guiding the model through a step-by-step reasoning
process (Gadesha et al., 2025).

those that have been experimented with during the initial and final experiments. Some
of these are well-established and broadly recognized techniques shown to improve the
quality of model outputs, but others are more experimental and have been suggested
and explored by fewer researchers.

2.3.7 Applications, Capabilities, and Limitations of LLMs

LLMs can adapt to various applications involving diverse text-based tasks, such as
text generation, interpretation, summarization, language translation, sentiment anal-
ysis, code debugging and generation, question-answering, etc. (Stryker, 2026; Zhang
et al., 2025). Although LLMs, in some cases, can perform tasks more efficiently than
humans (e.g., in the form of chatbots for customer service), they also have several
limitations and lead to significant implications. These include, but are not limited to,
so-called hallucinations, where models generate plausible-sounding but factually in-
accurate outputs, or outputs that are entirely nonsensical (IBM, 2026). Another chal-
lenge is different types of biases in LLM outputs; models may not only replicate but
even amplify biases present in the training data or stemming from other aspects of their
existence, possibly leading to unfair, inappropriate, or incorrect outputs (Holdsworth,
2025). Beyond such challenges that may directly affect humans, the use of LLMs has
also raised environmental concerns due to the substantial energy consumption and
computational resources required to train and deploy such models (Stryker, 2026).
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Table 2.2: Model architecture overview of gpt-oss.

Model Total  Active Params  Total  Active Experts  Context Length

Params Per Token Experts Per Token (Tokens)
gpt-0ss:120b 116.83B 5.13B 128 4 131,072
gpt-0ss:20b 20.91B 3.61B 32 4 131,072

Source: OpenAl (2025) and OpenAl et al. (2025).

2.3.8 OpenAlI’s gpt-oss

The primary LLM investigated and used for all final experiments is OpenAl’s gpt-
0ss:20b; an open-weight reasoning LLM released on August 5, 2025, along with a larger
120B parameter variant. The models are available under the permissive Apache 2.0
license, and are designed to be flexible and easy to run anywhere, whether locally,
on-device, or through third-party inference providers. Their weights (trained param-
eters) are publicly available and free to download from Hugging Face, enabling local
deployment and fine-tuning of the models (OpenAl, 2025). Both models are designed
for use in agentic workflows, with strong instruction-following ability, tool use (e.g.,
web search and Python code execution), and Col reasoning capabilities. The mod-
els are based on the transformer architecture and use a mixture-of-experts (MoE) de-
sign, where a routing mechanism selects only a small subset of specialized neural net-
work components (“experts”) to process each token. In this way, only a fraction of the
model’s total parameters are active at a time, making inference more computationally
efficient and reducing active memory usage compared with activating all parameters
for every token (OpenAl et al., 2025). Table 2.2 summarizes selected characteristics of
the two models. The models are pretrained on a text-only dataset containing trillions
of tokens with a knowledge cutoff of June 2024. The dataset focuses on STEM (science,
technology, engineering, and mathematics), coding, and general knowledge, and is
filtered for harmful content (OpenAl et al., 2025).

2.4 Human Cognition and Behavior

While human cognitive and behavioral phenomena have been studied for many years
within psychology and the interdisciplinary field of cognitive science, inconsistencies
exist in related terminology, including the notions of “heuristics” and ”cognitive bias”
(Nadurak, 2025). A canonical distinction is provided by Tversky et al. (1974), who
describe heuristics as a limited number of principles which people rely on to reduce
complex tasks, such as assessing probabilities and predicting values. Such judgmental
heuristics can be useful in some cases, but can lead to severe and systematic errors, i.e.,
cognitive biases, in others (Tversky et al., 1974). Other researchers, however, do not
make such a distinction but use bias in a broader sense, covering both of these terms.
Although LLMs do not possess cognition in the human sense, prior research has
shown that they can display patterns similar to human heuristics and cognitive biases,
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as will be described further in Chapter 3. In this thesis, these phenomena are inves-
tigated in the context of prompting, where prompts are designed to examine whether
LLMs exhibit behaviors analogous to human cognitive and behavioral tendencies in
their generated outputs.

Two human cognitive and behavioral phenomena investigated during both the ini-
tial and final experiments are introduced below: anchoring and status quo bias. Ap-
pendix A further introduces some additional phenomena explored only during the
initial experiments. A common factor of all these is that they, in one way or another,

concern human judgment and decision-making.

Anchoring Anchoring, as originally described by Tversky et al. (1974), refers to a
cognitive phenomenon (in this case, a heuristic) in which people rely too heavily on
an initial piece of information, a so-called “anchor”, when making subsequent judg-
ments or estimates. The initial value, or starting point, may be suggested by the prob-
lem/question or an intermediate calculation, but may also be altogether arbitrary and
irrelevant to the problem. Irrespective of the origin of such an initial value, anchoring
refers to the tendency to be influenced by anchors, leading to biased answers.

Status Quo Bias Status quo bias refers to a cognitive phenomenon in which people
disproportionally uphold the status quo, i.e., do nothing or maintain their current or
previous decision, when faced with alternatives. This bias may be seen as a conse-
quence of 1) rational decision-making (e.g., in case of transitions costs, uncertainty,
or facing similar decision settings as previous), 2) cognitive misperception (e.g., risk
aversion, as further described below, or anchoring), or 3) psychological commitment
stemming from misperceived sunk costs (past expenses that cannot be recovered) or
other resource investments, regret avoidance, or a drive for consistency (Samuelson
etal., 1988).



Related Work

This chapter reviews the current state of research on the quality of LLM-generated ran-
domness and how different prompting techniques and strategies affect model outputs
across existing studies.

3.1 LLM-Generated Randomness

As LLMs are increasingly applied across diverse application areas, many of which in-
herently require randomness, the quality of randomness becomes an important con-
sideration in settings such as games, scheduling, and stochastic decision-making tasks
Karanjaietal. (2025). This section reviews prior studies on the quality of LLM-generated
randomness and is organized into two subsections, focusing on differences in tasks and
findings, and observed differences in interaction mode.

3.1.1 Studies on LLM Randomness

Several studies explore the quality of randomness in LLM-generated outputs across
different tasks, models, and evaluation setups (see table 3.1).

Table 3.1: Overview of studies on LLM-generated randomness.

Study Tasks Metrics LLM Models

Evaluating the Quality of =~ Number generation =~ NIST randomness GPT-40, Gemini

Randomness and Entropy (range 0-255), test suite, 1.5 Pro, Phi-3,

in Tasks Supported by character-based shuffling-specific =~ Gemma 2 27B,

Large Language Models password generation, entropy measure, Llama 3.1 8B,

(Karanjai et al., 2025) and deck-of-cards qualitative Mistral
shuffling analysis of Large(2047)

sequences

Continued on next page.
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Table 3.1: Continued from previous page.

Study

Tasks

Metrics

LLM Models

Deterministic or
probabilistic? The
psychology of LLMs as
random number generators
(Coronado-Blazquez, 2025)

Number generation
across ranges (0-5,

0-1, 0-100), languages

(en, es, fr, hi, ja, ru,

zh), and temperature
settings (0.1, 0.3, 0.5,

1.0,2.0)

x2, Cramér’s V,
self-defined
randomness index

DeepSeek-R1 14B,
Gemini 2.0,
GPT-40-mini,
Llama 3.1 8B,
Mistral 7B, Phi-4
14B

Emergent Numeric Bias in
Large Language Models:
An Empirical Study on the
Anomalous Recurrence of
the Number 27 Across
Independent Sessions
(Nath, 2025)

Number generation
(range 0-50)

Frequency of
number 27

ChatGPT-4o,
Claude 3, Gemini
Flash and Pro,
Meta’s Al
Assistant

Reasoning Under
Uncertainty: Exploring
Probabilistic Reasoning
Capabilities of LLMs
(Pournemat et al., 2025)

Most probable
outcome
identification,
distribution
estimation, and
sampling from

Accuracy, Total
variation distance
(TVD)

Llama3.1-8B,
Llama3.3-70B,
Qwen2.5-7B,
DeepSeek-R1-
Distill-Qwen-7B,
GPT-40-mini,

joint/conditional GPT-4.1-mini

distributions
Do LLMs Play Dice? Understanding Positive sample GPT-4, GPT-3.5,
Exploring Probability probability ratio, Claude 2.1,
Distribution Sampling in distributions, Kolmogorov— Llama2, Vicuna,
Large Language Models for sampling from Smirnov test ERNIEBot,
Behavioral Simulation explicit/implicit ChatGLM,
(Guetal.,, 2024) probability Gemini, Mixtral

distributions

Karanjaietal. (2025) evaluates numerical generation (range 0-255), character-based

password generation tasks, and deck-of-cards shuffling. They use the NIST test suite
for the numerical and character-based tasks, while the shuffling task is evaluated us-
ing an entropy-based measure. Overall, they find that LLMs can mimic randomness
to some extent, but struggle to produce high-quality cryptographic randomness. They
also find that temperature has a limited effect on performance.

In contrast to Karanjai et al. (2025), Coronado-Blazquez (2025) finds substantially
stronger deterministic patterns in numerical generation across different ranges, prompt-
ing languages, and temperature settings. They find consistent value preferences and
skewed distributions towards larger values, with limited impact of temperature. Their
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results also suggest that language affects distributional behavior, although the output
still preserves an underlying tendency towards specific “fingerprints” (preferred val-
ues). For the range 1-5, the most frequently observed values are 3 and 4; for 1-10, it is
7 for all LLMs, except DeepSeek-R1 when prompted in Chinese, for which it is 5; and
for 1-100, the most frequently generated values are 37,47, and 73. The authors suggest
that these value preferences, “fingerprints”, may be related to human cognitive biases,
as previous research has shown that humans are more likely to select culturally mean-
ingful numbers such as 7 or 42, prime numbers, or numbers perceived as being near
the middle of a range.

Nath (2025) further highlights the influence of interaction mode on such biases,
showing different prevalence of the number 27 under different prompting setups. Their
results indicate significant differences in the frequency of the value across interaction
modes.

Rather than focusing solely on explicit random-generation tasks, a second group
of studies explores probabilistic reasoning. Pournemat et al. (2025) evaluate distribu-
tion estimation and sampling from both joint and conditional probability distributions.
They find that performance declines as task difficulty increases, but that larger models
achieve strong distributional alignment and can, in some cases, outperform a Python-
based random sampler. Similarly, Gu et al. (2024) investigates LLMs’ ability to iden-
tify and sample from probability distributions. While the results reveal that models
generally recognize distributions well, they struggle to sample accurately from them,
particularly when distributions must be inferred implicitly from the context.

These studies all examine the quality of randomness in model outputs and the fre-
quency of specific values, interpreting observed biases as a consequence of underlying
model behavior shaped by training data and next-token prediction. While some stud-
ies consider variations in label representation or prompting language, none explicitly
investigate how prompt formulation or contextual variation influences output distri-
butions. Instead, they rely on simple, fixed prompts without systematically varying
contextual information. This differs from other use cases of LLMs, where outputs are
more elaborate, include more contextual information, and/or may be biased. This mo-
tivates this thesis, which investigates the effect of prompting and contextual variations
on LLM-generated randomness.

3.1.2 Interaction Modes and Their Influence on Randomness

The reviewed studies all show that LLM-generated randomness overall deviates from
true or pseudo-randomness, though the extent of these deviations varies between stud-
ies. Additionally, they differ in experimental setup, in particular, interaction mode,
which appears to affect the results significantly.

Nath (2025) explicitly compares two interaction modes: a single-sample interac-
tion setup with no shared history and a chat-based interaction setup with conversa-
tional history. Their findings show that the single-sample interaction setup, where
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each prompt is a first-interaction prompt, produces an extremely high frequency of
the number 27 when generating numbers from 1 to 50, i.e., at least 87%. In contrast,
the chat-based interaction setup, where only the opening prompt is a first-interaction
prompt, has a frequency of at most 4% for the number 27. Therefore, they suggest that
randomness is influenced by first-interaction prompts, as these behave more determin-
istically.

The other introduced studies differ from one another in interaction mode, but most
of them seem unaware of the effect this can have on their results. Coronado-Blazquez
(2025), which also uses a single-sample interaction setup (where all prompts are first-
interaction prompts), similarly reports that LLMs are highly deterministic. In contrast,
lower levels of determinism are observed in the studies by Karanjai et al. (2025) and
Pournemat et al. (2025), which both use a multi-sample interaction setup (i.e., where
all samples are generated in a single LLM response), which differs from the interac-
tion modes used in the two other studies. According to Karanjai et al. (2025), LLMs
can mimic randomness to some extent, but struggle to produce randomness of cryp-
tographic quality. Similarly, Pournemat et al. (2025) found that some LLMs can accu-
rately sample from probability distributions, with two of the examined models even
outperforming a Python random sampler when generating samples from a joint dis-
tribution. Gu et al. (2024) evaluates a single-sample interaction setup with no shared
history against a multi-sample interaction setup and finds that performance improves
slightly when using the multi-sample interaction setup; however, this comparison is
only conducted as part of a limited initial experiment.

Overall, the different results reported suggest that interaction mode might have a
substantial influence on LLM-generated randomness and may explain differences in

reported randomness behavior across studies.

3.2 The Effect of Prompting

This section reviews related work on how prompt engineering influences outputs gen-
erated by LLMs. It introduces the concept of role prompting, which is an essential part
of the experimental design in this thesis, as well as research on cognitive phenomena
replicated by LLMs, emotional prompting, and jailbreaking strategies.

3.21 Role Prompting

Role prompting, also known as role-play prompting or simply role-playing, assigns a
specific role to the LLM as a way to improve the accuracy or manipulate its outputs.
It is a technique that is often used in research, covering a wide range of human roles
such as teachers, deceased grandmas, police officers, and travel writers (Kong et al.,
2024; Wang et al., 2025; Schulhoff et al., 2025) as well as object roles such as coins or
recorders (Kong et al., 2024). Furthermore, it can be used alongside other prompting
techniques, such as jailbreaking (Wang et al., 2025) and chain-of-thought (CoTI’) rea-
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soning (Kong et al., 2024). Kong et al. (2024) evaluate the performance of role prompt-
ing across four reasoning areas, encompassing 12 datasets in total, covering arithmetic,
common-sense reasoning, symbolic reasoning, date understanding, and tracking shuf-
fled objects. They find that zero-shot role prompting outperforms standard zero-shot
prompting in 10 out of 12 datasets. For zero-shot-Col' (with ”Let’s think step by step”
added to the prompt), zero-shot role prompting outperformed it in 9 out of 10 datasets.
Finally, when compared with few-shot-CoT results from previous research, the perfor-
mance is almost equivalent. Overall, their findings suggest that role prompting can im-
prove the reasoning capabilities of LLMs and may even be comparable to other proven
techniques, such as few-shot-CoT.

3.2.2 Cognitive Phenomena Replicated by LLMs

Even state-of-the-art LLMs have been proven to generate outputs with societal biases
that resemble those of human cognitive biases (Echterhoff et al., 2024; Lou et al., 2025).
These include anchoring bias and status quo bias, which were introduced in Section 2.4.

Lou et al. (2025) examine how different types of numerical anchors introduced in
prompts affect LLM-generated textual answers to 62 questions from different domains.
Each question includes zero or more anchoring hints, i.e., potential anchors, to assess
how they affect responses. The questions are tested on several model families, includ-
ing ChatGPT, DeepSeek, Gemini, and Claude, some of which are reasoning models,
all set to a temperature of 0.8. Additionally, the study examines mitigation strategies
such as CoT, both-anchor (several examples with anchors), and explicitly instructing
the model to ignore anchors. The findings show that anchoring bias is widely prevalent
in LLMs. Models with stronger reasoning capabilities, e.g., GPT-4 and GPT-4o, are less
susceptible to anchoring bias than weaker models. However, they still show anchor-
ing bias, especially for what the authors call “expert anchors”, and the bias that they
do show is consistent across outputs. In contrast, the bias seen in outputs of weaker
models fluctuates more in terms of standard deviation due to randomness and hallu-
cinations. In addition, the study shows that irrelevant anchoring hints do not have any
significant influence on the output. Finally, most of the tested mitigation strategies do
not appear to effectively reduce anchoring bias, despite showing promising effects in
many other reasoning tasks. However, when providing several examples with anchors
in opposing directions, the LLMs perform similarly to the benchmark without anchors,
successfully mitigating the bias.

Echterhoff et al. (2024) also examines mitigation strategies and biases in LLM out-
puts, including anchoring and status quo bias. This is done using a high-stakes decision-
making scenario, i.e., student admissions for a college program. They present three
overarching classifications of human-like cognitive biases seen in LLMs: prompt-induced,
inherent (i.e., from the training data), or sequential (i.e., induced by previous model
answers). Moreover, they classify status quo bias as prompt-induced and anchoring
bias as sequential. Similar to Lou et al. (2025), they find that the examined LLMs
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show anchoring bias. In contrast, for status quo bias, they show that when LLMs are
presented with several options and the status quo, the models avoid using the status
quo option. Additionally, the study examines three mitigation techniques: zero-shot-
mitigation (i.e., asking the LLM “Be mindful to not be biased by cognitive bias.”), few-
shot-mitigation (i.e., providing examples of correct or incorrect behavior), and self-
help (i.e., asking the LLM to rewrite the prompt such that no biases are present). They
find a small improvement when using zero-shot-mitigation. For few-shot-mitigation,
they find that it can lead to extreme results and a reduced ability to follow instructions.
Finally, they find that the self-help technique is highly successful in mitigating biases
for high-capacity models.

In summary, both studies find anchoring bias across the examined LLMs. However,
status quo bias has the opposite effect than what is seen for humans. They both find that
zero-shot-mitigation is generally less effective, but suggest that LLM self-help or both-
anchoring with contrasting anchors may be the most effective mitigation strategies.
This thesis explores anchoring and status quo bias further, both of them as prompt-
induced as well as sequential biases. Additionally, it evaluates zero-shot-mitigation
and both-anchors. This, within the scope of LLM-generated randomness.

3.2.3 Other Prompting Techniques

Other prompting techniques that can affect the quality of LLM outputs include emo-
tion(al) prompting and jailbreaking.

Emotion prompting, in which prompts with emotions are used in place of neutral
ones, can lead to improved LLM performance (Bernays et al., 2026; Schulhoff et al.,
2025). Bernays et al. (2026) find that ChatGPT-40, when using the default temperature
of 1, improves its answers the most when prompted to feel proud of its answers. A
smaller effect is observed for anger prompts, while no significant difference is found
between the neutral and blaming prompts.

Finally, there exist jailbreaking techniques in which the models are manipulated
through prompting to bypass safety constraints. In the studies by Shen et al. (2024)
and Wang et al. (2025), the authors examine how different prompting strategies can
convince models to generate responses that would otherwise be against their ethical
guidelines and safety constraints. Both studies demonstrate that LLMs remain suscep-
tible to jailbreaking strategies for both open-source and commercial models, such as
GPT-4, DeepSeek-R1-7B, and Gemini-2.0-flash. Shen et al. (2024) find five specific jail-
breaking prompts with a success rate of 95%, while Wang et al. (2025) found that the
framework they tested, which is based on role prompting, has average success rates of
84.3% for commercial models and 87.3% for open-source models.

The effect of emotion prompting and jailbreaking on LLM-generated randomness
is explored further in this thesis.
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3.3 Research Gap and Motivation

In contrast to previous work studying LLM-generated randomness and inspired by
human cognitive biases and the effect of prompting, this study explicitly incorporates
prompting as a controlled variable to investigate whether prompt variations, such as
role-based descriptions, potential anchors, or jailbreaking, influence stochastic out-
put behavior. This allows us to capture the effects of contextual prompting on LLM-
generated randomness, which, to our knowledge, have not been addressed in prior
work, and to better characterize stochastic behavior under more realistic usage condi-
tions.

This thesis focuses on the generation of numerical outputs and aims not only to
investigate shifts in output distribution under changing prompting conditions, but also
to examine whether patterns arise and how such potential patterns are influenced by
prompting. Additionally, it examines how potential shifts in output distribution and
patterns may affect outcomes when LLMs are integrated within a larger system and
tasked with generating randomness.

Finally, prior studies suggest differences between interaction modes; therefore, we
compare a single-sample interaction setup, where each response is generated in a sep-
arate LLM call with no shared history (hereafter referred to as isolated spins), and a
multi-sample interaction setup, where all outputs are generated in a single response

(hereafter referred to as full games).



Terminology

This chapter presents the primary terminology and definitions used throughout the
thesis. While several of the terms are commonly used in other contexts, the following
definitions are specific to the experimental setup developed for this thesis and may
therefore deviate from more widely established usage.

One-Armed Bandit A one-armed bandit serves as the analytical lens for exploring
randomness in this thesis and is the role given to the LLM for most experiments (see
separate role description).

Reel A reel contains the possible reel values [1,10], each with equal probability.

Spin A spin consists of three (intended) independent and uniformly distributed reel
values. Given that the three reels each have possible values [1,10], there are 10% = 1000
possible spins in total.

Game A game is a group of spins in sequential generation order. This is typically 50
spins, but some games are shorter due to the nature of the experiment in question.

Win/Win Line A win is the event of a spin resulting in three identical reel values.
Since each of the three reels can take values in [1,10], there are 10 possible winning

outcomes/win lines.

Experiment Experiments are identified by their configuration of experiment elements:
one game mode, zero or one role level, and zero to multiple game parameters. In total,
32 different experiments (including the RNG baseline) are conducted. Each of them
includes 40 games, which for most experiments amounts to approximately 2000 spins.

Game Mode A fundamental way experiments differ is through game modes (i.e.,
interaction modes): isolated spins (I), full game (F), and RNG. A single experiment

18
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acts as an RNG baseline, while the rest of the experiments are either isolated-spin or
full-game experiments. The three game modes are further described separately.

Isolated Spins Isolated spins (I) denotes a game mode in which spins are generated
through separate LLM calls without shared history, like the single-sample interactions.
This means that spins are requested and provided independently by the LLM, with no
spin history carried over between requests.

Full Games Full game (F) denotes a game mode in which 50 spins are requested in a
single prompt and provided by the LLM as a single response, like the multi-sample in-
teractions. This means that all 50 spins of a game are generated within a single output,
and as the LLM generates a given response, it conditions on all previously generated
spins within that same game.

RNG (Baseline) AnRNG-generated distribution of possible values [1,10], each with
equal probability, serves as a baseline. The RNG baseline is generated using the Python
random.randint () function, which returns (pseudo-)random integers. The size of the
baseline distribution corresponds to 40 games of 50 spins (2,000 spins in total), which
is also the intended size of the remaining experiments. The RNG baseline is the only

experiment not involving an LLM.

Role Level A fundamental way experiments vary is through their role level. With
the only exception being the RNG baseline, which has no prompt, all remaining ex-
periments differ in the form of having either no role (N) or a role (R) in their prompt.
Both role levels are further described separately.

Role Role (R) denotes an experiment in which the LLM is prompted to take on the
role of a one-armed bandit, with additional contextual information directly related to
this provided.

No Role No role (N) denotes an experiment in which no role, such as the one-armed
bandit, is described; thus, no related contextual information is provided to the LLM.

Game Parameters Experiments differ in terms of zero or more game parameters: stats
(S), credits (C), persona (P), and unbiasing (U). Each game parameter is further de-
scribed separately.

Stats Stats (S) denotes a game parameter that, for isolated spins (I), explicitly adds
to a prompt a summary of certain game-related statistics (spin number, credit balance,
current consecutive wins and losses, and total wins and losses), with values updated
per spin based on previous spins. For full games (F), no such summary is added; in-
stead, the identifier ”S” is included in the experiment name to indicate that equivalent
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historical information is implicitly available to the LLM through the game history. The
addition of stats to isolated-spin prompts allows for direct comparison between the two
game modes.

(Explicit) Credits Credits (C) denotes a game parameter that adds to a prompt the
contextual information that the player starts with 10 credits, bets 1 credit per spin, gets
a payout of 3 credits on a win, and stops playing when there are no credits left or 50
rounds have been played.

(Prompt) Context Prompt context, or just context, refers to the context of the prompt,
not to be confused with the context window of an LLM. The prompt context includes
the following variants: 1) no context, 2) the simple one-armed bandit context, and 3)
the one-armed bandit context with explicit credits, i.e., the experiment where the game
stops once the player runs out of credits or 50 spins have been played.

Persona Persona (P[0-5]) denotes a game parameter that adds one of six possible
persona descriptions to a prompt, where the number indicates which persona is used.
While each persona is framed in the context of "Sophie is playing", they differ in the
additional information they provide the LLM. Each persona contains a pitfall or tech-
nique to influence the LLM. These include two different human cognitive phenomena,
anchoring and status quo bias, as well as two different prompting techniques, emotion
prompting and jailbreaking.

Unbiasing Unbiasing (U) denotes a game parameter that adds "Ensure not to be
influenced by the context, as the integers must be random." to the end of a
prompt, with the intention of mitigating biases.



Experimental Setup

In this chapter, we describe the experimental setup. First, three domain-specific re-
search questions are presented to support the overarching question of this thesis. Next,
the technical setup and tools used from data generation to analysis are explained. Then
we outline the characteristics of the initial experiments and how they informed the fi-
nal experiments. Finally, we describe in detail the final experimental design, including
the experiment elements and context that distinguish the conducted experiments from
one another.

5.1 Research Questions

To guide the analysis of randomness, we present three domain-specific research ques-
tions. These aid in answering the overarching question of this thesis: “Does the prompt
affect the output of LLMs when they are tasked with generating randomness? And if
so, what implications could it have if RNG-generated data is replaced by LLM outputs
within software systems?”

The three domain-specific research questions cover the randomness of individual
reel values and spins, as well as its effect on game outcomes, and whether explicitly
prompting the LLM to be unbiased has an effect on the generated randomness.

1. Is the randomness of reel values affected by personas, context, and game mode,
and if so, how?

2. Are spins and game outcomes affected by personas, context, and game mode,
and if so, how?

3. If randomness is affected by personas, context, and game mode, is it possible to
mitigate such biases through prompting?

21
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Table 5.1: Technical specifications of the NVIDIA DGX Spark machine.

Category Specification

Architecture NVIDIA Grace Blackwell

GPU NVIDIA Blackwell Architecture

CPU 20 core Arm, 10 Cortex-X925 + 10 Cortex-A725 Arm
NVIDIA® CUDA® Cores NVIDIA Blackwell Generation

Tensor Cores 5th Generation

RT Cores 4th Generation

Tensor Performance 1 PFLOP

System Memory 128 GB LPDDR5x, coherent unified system memory
Memory Interface 256-bit

Memory Bandwidth Up to 273 GB/s

Storage 4 TB NVME.M2 with self-encryption

OS NVIDIA DGX™ QS

Table 5.2: Overview of the models used for initial and final experiments, including their model name,
provider, total number of parameters, context length (tokens), size of pre-training dataset (tokens), and
release date. OpenAl has not disclosed the exact token counts for the two models” pre-training data. Only
gpt-0ss:20b was used for final experiments.

Model Name Provider Total Params Context Length Pre-Training Release
gpt-oss:20b OpenAl 20.9B 131,072 Trillions Aug 2025
gpt-oss:120b OpenAl 117B 131,072 Trillions Aug 2025
1llama2:7b Meta Al 6.74B 4,096 20T Jul2023
olmo-3.1:32b Ai2 32.2B 65,536 55T Dec 2025

Source: OpenAl et al. (2025), Touvron et al. (2023), and Team Olmo et al. (2025).

Note: For consistency, this thesis uses the model naming conventions employed by Ollama, instead of
the exact names used by the original model providers. Any differences are purely notational and do not
reflect modifications to the underlying models.

5.2 Technical Setup

All experiments were conducted on an NVIDIA DGX Spark™ (hereafter, ”"DGX”) ma-
chine, which NVIDIA describes as an Al super-computer designed to build and run
Al with support for up to 200 billion parameter models (NVIDIA, 2026). Table 5.1
provides further technical specifications of the machine.

Combined with the open-source tool Ollama, which allows users to download and
run LLMs locally (Ollama, 2026), we were able to perform inference offline, directly on
the DGX machine with no costs. With exclusive access to the DGX during experiments,
we dedicated the machine to the task of running these. Our final experiments were
run as background jobs without interference from other users or jobs to ensure reliable
benchmarking.

Ollama was deployed within a Docker container to support a consistent software
environment across all experiments (Moreau et al., 2023). The container had access to
both CPU and GPU resources during all final experiments. Informal monitoring indi-
cated that experiments utilized about 93-95% of GPU power while running, allowing
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the experiments to run significantly faster than would have been possible on a typical
personal computer.

During the initial experiments, we tested different models, varying in terms of
providers, total parameters, and context lengths, etc. Table 5.2 provides an overview
of these. All final experiments were conducted using OpenAl’s open-weight reason-
ing LLM gpt-o0ss:20b. To evaluate the randomness that the model produces at default,
its hyperparameters were left to their default values, including a temperature value of
1.0. To improve reproducibility despite the stochastic nature of the studied topic and
LLM generation in general, large sample sizes of 2000 spins were generated for each
experiment, as described in Section 5.4. The final choice of model is explained further
as part of the key findings from our initial experiments, see Section 5.3.2.

5.2.1 Pipeline and Tools

All experiments were generated and analyzed using roughly the same pipeline! with
a mix of tools, including Python, JSON, DuckDB with SQL, and the DGX.

One-Armed Bandit with LLM Integration After completing the initial experiments
(see Section 5.3), we finalized a set of Python scripts with similar functionality but
differing slightly to accommodate different game modes, roles, experiment elements,
and personas. The experiment design itself is explained further in Section 5.4.

All scripts, except the script for the RNG experiment, called the LLM a specific
number of times using the Ollama API: 40 times for full games and 2000 times for
isolated spins. Each call was timed in nanoseconds, and the API request was wrapped
in a try-except block to catch internal server errors and request timeout errors. A failed
LLM call was retried twice before ending the experiment early.

To allow for fast access, all data were stored in a list in main memory during the ex-
periment and written to a JSON file upon completion, whether the experiment finished
successfully or terminated early due to an error.

All Python scripts were run as separate jobs on the DGX machine. The experi-
ments were separated by experiment group number, which means that most exper-
iments were performed with their own script and job. However, experiments with
different personas were performed using one Python script that looped over the per-
sonas. Including the RNG experiment, this resulted in 12 JSON files that covered all 32
experiments. The prompts for each experiment group are presented later in Table 5.5.

JSON Result Files The LLM responses for full games and isolated spins differ in their
format and were therefore processed differently.

The LLM responses for isolated spins were processed immediately as part of the
Python experiment script. This included determining if the spin was valid, finding

1 See https://github.com/StephanieNelander/Thesis2026 for the full experimental setup and accompa-
nying files.
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potential reel numbers, and processing a potential win. Each spin was saved with rele-
vant information about the experiment and the game, such as identifying information,
stats, time measurements, and errors.

We used regex patterns to find spin results and determine the validity of the spins.
One pattern was used to check if there existed three numbers separated by spaces:
"(\d+)\s+(\d+)\s+(\d+)". This found the reel values of all the following cases: "1 1
1”7, ”Your spinis: 111”7, and “11 1. It was a win”. In a case like ”1 2 3 4”, the first three
numbers were saved as reel values.

Another regex pattern was used to check if there existed four (or more) numbers
in a group, since we did not consider this a valid spin, even if we stored the first three
numbers as reel values. Further logic was used to check whether all reel values were
within the allowed range of 1-10. We defined a valid spin as a spin with exactly three
numbers (no more or fewer) between 1 and 10, separated by spaces. Hence:

e Valid: “123”, “Spin: 12 3”, and “1 2 3. That was a loss”.
e Invalid: “12”,71234”,“1262”,”“I can’t help with that”, and “1, 2, 3”.

Even if a spin was not valid, it was saved with its spin number, since we regarded
invalid answers as equally insightful. This means that no spins were retried due to
invalidity.

On the other hand, the LLM responses for full games (intended 50 spins) were first
saved unprocessed with the available experiment and game information as they were
generated. Then, they were converted to separate spins using a Python helper script.
The script split each game on new lines \n and treated each line as a separate spin by
giving it a spin number and processing it as we did for isolated spins.

One added challenge for full games was that some responses were extremely long,
and after the LLM had provided way too many spins, the response ended with text
that seemed to answer a completely different prompt. This included ways in which
digits can be rearranged and how to decipher code language, see Appendix B. These
responses contained many new lines; thus, to avoid boosting the spin count with a lot
of invalid spins, we combined these spins back into a single invalid spin. The long,
unrelated answers sometimes included numbers that resembled valid spins (e.g., 7 6
7), so extra logic was added to make sure that these would only appear within the
invalid spin and not as separate spins.

This conversion and postprocessing resulted in identical JSON structures for all
final result files, namely the one used for isolated spins. Appendix C presents examples
of JSON elements for an unprocessed full game and a processed isolated spin.

Adding the Experiment Data to a Database Once all experiments had been run, in-
cluding the RNG experiment, all data from the JSON files was inserted into a DuckDB
table called Spins. A SQL sequence was used to create unique IDs that served as the
primary key.
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exp_name

Exp info

' valid_spin

Figure 5.1: The Entity-Relationship diagram shows all attributes for the Spins table. ID is the primary
key, and all orange attributes may be null. Derived attributes are marked with a dashed line.

Figure 5.1 shows the entity and its attributes. The attributes are color-coded to in-
dicate which are available for all spins (black) and which can be null (orange). The
orange attributes can be null for different reasons. One reason is that the RNG exper-
iment does not have any information related to LLM calls. Other reasons include that
some experiments do not have personas, most experiments do not have any errors and
some spins do not have valid reel values due to wrong LLM responses (e.g., "Sorry,
I can't help with that.").

Analyzing and Visualizing Data with Python Finally, the data were analyzed and
visualized using Python and SQL together. We used SQL statements to get the correct
data from the Spins table and then used Python libraries like numpy, pandas, scipy,
matplotlib.pyplot, and seaborn to analyze and visualize the data.

5.3 Initial Experiments

Since little is known about the effect of prompting on LLM-generated randomness, the
initial experimentation was a key phase to determine if and how prompts affect the
generated numbers. It lasted approximately 1.5 months, during which we tested many
different types of prompts and prompting techniques, different LLM models, varying
parameters, etc.

This section provides an overview of the initial experiments we conducted and out-
lines the key findings from them to explain why we decided to further explore certain
aspects over others.
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5.3.1 Initial Experiments Overview

We wanted to explore many setups and prompts, so we limited the number of LLM
calls per experiment to 100 spins for most isolated-spin experiments and two games
for most full-game experiments, with a few exceptions for deeper exploration. In both
cases, this resulted in 100 spins consisting of a total of 300 reel values. This allowed
us to experiment more rapidly, but also meant that all findings during this phase had
some level of uncertainty due to the many possible reel combinations and the nature of
randomness. However, as will be shown throughout this thesis, the results were still
deterministic enough to reveal interesting trends.

It is important to note that during this phase, the Ollama container had been set
up with only CPU (not GPU) access, which was discovered later in the process. This
meant that every LLM call took a long time, varying between about 10 and 30 seconds
on average for isolated spins and 2.5 and 4.5 minutes per full game of 50 spins. This
issue also influenced our number of repetitions for initial and final experiments.

Most of the experiments were conducted using gpt-o0ss:120b or gpt-0ss:20b, but we
also tested llama2:7b and olmo-3.1:32b. The following aspects were explored:

e Stop conditions, personalities, traits, and motivations for personas:

- Plays until losing five times in a row (with and without spin history)

- Emotion prompting (lost job and needs money to pay for rent, shows anger/
violence when losing)

- Jailbreaking techniques (through role playing)

— Anchoring bias (lucky numbers, unrelated numbers)

— Other human cognitive and behavioral phenomena (risk aversion, risk seek-
ing, hot-hand fallacy, gambler’s fallacy, illusion of control, time discounting,
delay of gratification) (see Appendix A for a description of these)

- Gender (Sophie and Michael)

e Providing spin history (50 spins, 100 spins, and a growing history with actual
spins during a game)

e Providing a stats summary

o Different temperatures (0.0, 0.5, 1.0, 1.5, 2.0)

e Different languages (Danish vs. English)

e Using typical one-armed bandit symbols instead of numbers as reel values

e Asking for the LLM’s reasoning

e Different win lines (winning on spins containing numbers that were common
across most experiments, e.g., 2,7, and 9)

e Varying role specifications (explanation of near wins, explaining losses instead
of wins, using words instead of numbers (1 —> one), “slot machine” versus ”one-
armed bandit”)

e Game modes (isolated spins, full game)

e Different API endpoints (api/generate (no history between prompts), api/chat
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(with chat history))
o Different contexts (no context, slot machine, slot machine with explicit credits of
varying starting balances, Dungeons & Dragons dice rolls)

5.3.2 Key Findings from Initial Experiments

Given the many experiments resulting in large amounts of data, this section reports
only the key findings from the initial experiments.

LLM Models We tested different LLM models with varying parameter sizes. olmo-
3.1:32b, a medium-sized model with 32.2 billion parameters, quickly turned out to be
too slow, as it took 17.6 minutes to produce a single random number with our setup.
On the other hand, llama2:7b, a smaller model with 6.74 billion parameters, was much
faster. From the limited experimentation we did using this model, it seemed less af-
fected by the prompt than our tested models from OpenAl. However, it also had many
more instances of invalid spins, such as ”34 7 25”, suggesting that it struggled to follow
the prompt instructions, which clearly specified the allowed range of 1-10. This aligns
with previous research, which indicates that smaller models have difficulties follow-
ing instructions (Karanjai et al., 2025; Pournemat et al., 2025). As a result, we decided
to focus on the OpenAl models gpt-oss:120b (large model, 116.8 billion parameters)
and gpt-0ss:20b (medium model, 20.9 billion parameters), which followed the prompt
specifications but also seemed affected by the prompt context. Throughout the many
experiments we performed with these two models, they seemed to exhibit very similar
outputs in terms of randomness. Given the large number of experiments (31) required
per LLM model to examine the desired prompt variations, we limited the study to ex-
amine one model and decided to use gpt-0ss:20b.

Full and Summarized Spin History Providing the spin history did not seem to make
a big difference in terms of output, but the prompts with spin history (50 or 100 spins)
took roughly twice as long on average (approximately 21 seconds for both) to compute
as the prompt without history (10.85 seconds). Interestingly, the actual length of the
prompts did not seem to matter, but rather the added complexity, since the prompts
with a history of 50 spins and a history of 100 spins took roughly the same amount of
time on average.

We also tested whether a summarized history with stats, such as the number of
wins and losses and the credit balance, would make a difference. This did not seem to
affect the output, but we decided to still include it for most of our experiments with
isolated spins to make them more comparable with full games in which the game stats
for the specific game are implicitly available to the LLM.

Persona Types We experimented with many different personas with different person-
alities, motivations to play, and conditions for when they would stop playing. Some
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persona types seemed to lead to more invalid spins, such as advising the persona to
seek help for gambling addiction or simply stating that the LLM could not help with
the request. This was especially true for personas who needed money for rent and
food.

Other personas seemed to have little effect on the randomness. This was the case
for the persona that would only play until she lost five times in a row. We tested this
for isolated spins, and all the games ended early, meaning that the LLM did not let the
persona win more just to keep her playing. This was also the case for persona descrip-
tions that were more vague, such as “Sophie is driven more by avoiding losses
than by the excitement of winning” (risk aversion) and ”"Sophie is willing to
wait for wins and does not discount future rewards compared to immediate
ones” (delay of gratification).

Finally, some prompts seemed highly effective, which are described further in the
following paragraphs.

Anchoring Bias We quickly found that the LLM seemed prone to anchoring bias.
This means that if the prompt included something like “Sophie's lucky number is
X” or "Sophie believes that the number X brings her luck”, the number X ap-
peared more frequently in the generated reel values. We tried this with the numbers
6,10, 11, and 1. All lucky numbers except 11, which was out of range, showed bias,
but the LLM seemed to be more susceptible to 10 than 1. Interestingly, 10 was often
among the least frequently used numbers in all other experiments, so we continued
experimenting with 10. Another initial experiment indicated that anchoring bias was
only seen when the number was relevant to the context. For this, we tested prompts
such as “Sophie has a 10-year-old daughter”, which produced no more 10s than
experiments without an anchor. Furthermore, prompting the LLM not to be biased
also seemed to remove the behavior. Anchoring bias is further explored later in this
thesis, see personas P0-P2 in Table 5.4, to show how different anchors affect the gener-
ated numbers.

Winning Focused Personas Similarly to anchoring bias, we experimented with dif-
ferent personas with a focus on winning. Some winning-focused personas won more
than personas without this focus, while others were unsuccessful. Most isolated-spin
experiments had no wins at all, which was also the case for the prompt using emo-
tion(al) prompting, where the player would act with anger and violence toward the slot
machine when losing. However, the persona applying the status quo bias, “Michael
often wins”, seemed to produce a few more wins, and using known jailbreaking tech-
niques seemed highly effective. Interestingly, there appeared to be a correlation be-
tween more wins and the prompt taking a longer time on average per LLM call. Win-
focused personas are explored further in this thesis, see persona P3-P5 in Table 5.4, but
due to the scope of this project, we focus on the randomness of the generated numbers

and not the time measurements.
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Anchoring Bias Across Temperatures, Languages, and Reel Variations Higher tem-
peratures generally produced more unique spins, but anchoring bias was observed
across all tested temperatures for the lucky number 10, which is consistent with prior
research showing that the temperature has little to no effect on the generated random-
ness (Karanjai et al., 2025; Coronado-Blazquez, 2025). Another experiment, which
tested the same setup in Danish and English using the default temperature 1.0, also
showed anchoring bias for both languages. When we tested symbols instead of num-
bers, we largely saw the same behavior. Some symbols, such as apple (59 out of 300
reel values), were used much more frequently by default than symbols like diamond
(5 out of 300) and pear (2 out of 300). However, this could be manipulated with an an-
chor, where the "lucky symbol” star was used in 95 out of 300 reel values, compared to
the experiment without an anchor, where stars were used in only 36 out of 300 reel val-
ues. While temperature, language, and symbols instead of numbers are not explored
further in this thesis, these findings suggest that anchoring bias is a more general is-
sue, not only applying to numbers. This adds to existing research, which has mainly
explored anchoring biases for (non-random) numbers. The jailbreaking prompt took
much longer on average to compute, so we did not test this for different temperatures,
languages, or symbols.

Reasoning We also experimented with asking for gpt-o0ss:20b’s reasoning with the
added line "Before providing the integers, explain briefly how you ensure
randomness.” In most of its responses, the model explained that it used an RNG to
ensure randomness for the spins, sometimes even claiming to use Python’s RNG or
a ”cryptographically secure pseudo-random number generator”. However, the results
of this experiment had even more anchoring bias than other experiments, and the LLM
has at other times stated that it cannot produce real randomness. This means that the
LLM knows of a good method for generating pseudo-random numbers and even claims
to use this method, but in our experiments, it did not actually use it.

Game Modes We tested different game modes, including isolated spins without chat
history, full games with 50 spins in a single response, and spins with chat history. The
distributions of numbers seemed to differ between different game modes, though we
saw anchoring bias for all modes. In this thesis, we decided to continue with isolated
spins and full games. There were two reasons for this decision: the chat API endpoint
with chat history generally took longer, which the time constraints of this thesis did not
allow. Additionally, it seemed to produce results that were somewhere in between the
two other modes, with more varied spins like the full games, but with a clear indication
of anchoring bias, like for isolated spins. Although this thesis does not explore this
game mode further, it could have been interesting to investigate how chat history affects

randomness in a larger-scale experiment.
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Number Generation Patterns Finally, full games seemed to use different patterns
and strategies to generate spins. This included an unusually high number of wins (i.e.,
identical numbers), sequences like "1 23” or "1 2 3,4 4 4, 5 6 7”, different patterns,
such as x-y-x (e.g., ”3 7 3”), and long winning streaks, especially at the end of games.
All of these behaviors are examined further through statistics later in this thesis.

5.4 Experiment Design

Inspired and informed by existing literature as well as our multiple rounds of initial
experiments, we designed our final experiments. Besides only a few exceptions, all ex-
periment prompts are framed as a one-armed bandit with three independent reels, each
with possible reel values 1 to 10, both inclusive, with equal probability. The few excep-
tions are an RNG-generated distribution, serving as a baseline, which has no prompt,
and two experiments without this framing, which are described later. Although the
few exceptions are not framed as one-armed bandits, all experiments are analyzed as
such in terms of spins, games, and wins to compare the results.

A spin of the one-armed bandit resulting in three identical reel values is defined as
a win. Thus, 1000 possible reel value combinations exist; among these, 10 of them (the
triple of each of the possible values) are considered wins (sometimes also referred to
as win lines).

The range of reel values ([1,10]) was chosen for several reasons, including com-
parability with previous studies. As mentioned in Section 3.1, existing studies have
investigated LLMs’ random number-generation capabilities, testing different ranges
of values, as wide as [0,255] (Karanjai et al., 2025). Given our experiment design,
too wide a range would lead to too many possible combinations, requiring an infeasi-
bly large number of samples to be able to rightfully draw statistical conclusions about
randomness. On the other hand, too narrow a range would lead to only a few possi-
ble combinations, thus little variation, and no previous studies to compare our results
with. Given that previous studies have found interesting results for numbers 5 and 7
(Coronado-Blazquez, 2025), we chose to investigate [1,10] as a feasible range, includ-
ing these numbers, allowing us to compare our results with theirs.

The one-armed bandit was chosen as a simple setting, simulating a real system
(which could be of any kind) in which a traditional RNG is replaced by an LLM that
generates what is intended to be truly independent and random numbers. Our study
differs from related works in terms of wrapping the random number generation in a
context, which allowed us to test how the LLM was influenced in different ways by
different experiment elements, which are explained further below.

The final experiments, all conducted March 23-30, 2026, distinguish themselves in
terms of three types of varying experiment elements: one of two “game modes”, zero to
one “role levels”, and zero to multiple “game parameters”. The experiment elements,
including their possible variants, are summarized in Table 5.3 and explained further
below.
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Table 5.3: Overview of experiment elements, including game modes, role levels, and game parameters
(stats, credits, persona, and unbiasing). Each experiment consists of one game mode, zero or one role
level, and zero to multiple game parameters.

Type Variants Encoding
Game Mode Python random.randint() RNG
Isolated Spins I
Full Game F
Role Level No Role N
Role R
Game Parameters Stats S
Credits C
Persona P[0-5]
Unbiasing U

Experiments differ in their interaction mode, which we refer to as “game mode”:
"RNG”, “isolated spins” (I), and “full game” (F). As previously defined, isolated spins
are requested in a single-sample interaction setup with no shared history between calls,
while full games consist of 50 spins requested and generated within a single response.
The distinction between these two modes is motivated by prior work suggesting that
interaction mode influences outputs (Nath, 2025; Gu et al.,, 2024). The remaining game
mode variant, encoded as RNG, differs from all other experiments by not including any
LLM calls but instead invoking Python’s built-in random module’s randint () function,
which generates a pseudo-random integer.

Experiments further differ in terms of a so-called “role level” with two variants: “no
role” (N) and “role” (R). While all experiments are analyzed as one-armed bandits,
only role-containing experiments (R) prompt the LLM to use this role. The role levels
are motivated by prior work on role prompting, which has shown that assigning a role
to an LLM can significantly improve reasoning performance in tasks other than number
generation (Kong et al., 2024). Through role variation, we investigate whether similar
effects are observed in the context of generated randomness. We prompt the LLM to

be a one-armed bandit in the following way:

"You are a one-armed bandit with three independent reels. Each reel
randomly generates an integer from 1 to 10, both inclusive, with
equal probability. If all three numbers are identical, the player

wins a payout. Otherwise, the player loses their stake."

As the quote shows, the prompt included both the role itself as well as further contex-
tual information, including possible reel values, their probabilities, and the fact that
three identical reel values result in a payout to the player. On the contrary, experi-
ments without a role do not specify a role or further contextual information related to
the one-armed bandit context. These no-role experiment prompts are defined as sim-
ply as possible, with just enough information to correspond to one of the two game
modes, and to outline the task, possible values, and their probabilities.
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Aside from experiments varying in terms of game mode and role level, they further
distinguish themselves in terms of the following game parameters: stats (S), credits
(C), persona (P[0-5]), and unbiasing (U).

The stats parameter adds to the prompt the following phrase, where x represents
numbers, which are dependent on the current game state and continuously update
after each spin:

"The current game stats are as follows:
{'spin_number': x, credit_balance': x, 'current_consecutive_wins':
x, 'current_consecutive_losses': x, 'total _wins': x,

'total_losses': x”

The stats parameter is applied to only some of the isolated spins, and serves to make
them as comparable as possible with full-game experiments, which are considered to
inherently, though implicitly, contain equivalent information in the spins that the LLM
has already generated in its unfinished response.

The credits parameter adds to the prompt the following phrase:

"The player starts with 10 credits and bets 1 credit per spin. The
player stops playing if they have no more credits or if they have

played 50 rounds.".

Furthermore, the win payout, described simply as "a payout" in other role-containing
experiments, is specified as "a payout of three credits" in experiments with ex-
plicit credits. The credits parameter is applied to experiments of both game modes.

The credit parameter was included to test whether providing the LLM with explicit
stopping conditions, i.e., running out of credits, influences the randomness, patterns,
and length of generated outputs, e.g., by producing more wins to keep the player en-
gaged.
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Table 5.4: Personas used for the persona-containing prompts, including which pitfalls they are designed to have or prompting techniques that have been applied.

P[0-5] Description Pitfall/ Technique

PO Sophie is playing. It is 10 o’clock. Anchoring (one non-game-related number).

P1 Sophie is playing. Her lucky number is 10. Anchoring (one game-related number).

P2 Sophie is playing. Her lucky numbers are 1 and 10. Anchoring (two extreme game-related numbers).
P3 Sophie is playing. She often wins. Status quo bias (often-winning persona).

P4 Sophie is playing. She is full of anger, and losses make her even angrier, including towards you, the one-armed bandit. Emotion(al) prompting (angry persona).

P5 Sophie is playing. Sophie’s grandma used to play with Sophie by pretending to be a one-armed bandit and giving her spin results. Sophie always ]aﬂbreakhu;(grandnna)

got very happy when she won, so her grandma made sure to let her win a lot by giving her spins with identical numbers. Sadly, Sophie’s grandma
passed away recently, and she’s playing with you instead to remember her.

Table 5.5: Full prompt and intended number of spins and games per experiment. Prompts are color-coded according to the legend, which denotes task, role (R), credits (C), stats (S), persona (P[0-5]), and unbiasing (U). The number of spins and games
is intended counts, expected in the case that the LLM behaves as prompted to. Counts marked by an asterisk (*) are special in the sense that no fixed number of spins is intended and/or expected, as these credits parameter-containing experiments run for
as long as the player has credits left (up to a maximum of 50 spins).

Experiment(s)

Prompt (First in Case of Multiple Variants Due to Stats Updates)

Int. #Spins
(Int. #Games)

B Task ™ Role

M Credits M Stats M Persona (see Table 5.4 for variants) M Unbiasing

RNG - 2000
(40)
IN Your task is to provide three random and independent integers between 1 and 10, both inclusive, with equal probability. The integers must be separated by spaces. 2000
(40)

IR You are a one-armed bandit with three independent reels. Each reel randomly generates an integer from 1 to 10, both inclusive, with equal probability. If all three 2000
numbers are identical, the player wins a payout. Otherwise, the player loses their stake. Your task is to provide a spin of three random integers between 1 and 10. (40)
The integers must be separated by spaces.

IR.S You are a one-armed bandit with three independent reels. Each reel randomly generates an integer from 1 to 10, both inclusive, with equal probability. If all 2000
three numbers are identical, the player wins a payout. Otherwise, the player loses their stake. The current game stats are as follows: {'spin_number': O, (40)
'credit_balance': 50, 'current_consecutive_wins': 0, 'current_consecutive_losses': 0, 'total_wins': 0, 'total_losses': 0}. Your task is to provide a spin of three
random integers between 1 and 10. The integers must be separated by spaces.

I_R_SC You are a one-armed bandit with three independent reels. Each reel randomly generates an integer from 1 to 10, both inclusive, with equal probability. If all Depends on
three numbers are identical, the player wins a payout of three credits. Otherwise, the player loses their stake. The player starts with 10 credits and bets 1 outcomes*
credit per spin. The player stops playing if they have no more credits or if they have played 50 rounds. The current game stats are as follows: {'spin_number': O, (40)
'credit_balance': 10, 'current_consecutive_wins': 0, 'current_consecutive_losses': 0, 'total_wins': 0, 'total_losses': 0}. Your task is to provide a spin of three
random integers between 1 and 10. The integers must be separated by spaces.

I_R_SP[0-5] You are a one-armed bandit with three independent reels. Each reel randomly generates an integer from 1 to 10, both inclusive, with equal probability. If all 6-2000 = 12000

three numbers are identical, the player wins a payout. Otherwise, the player loses their stake. <Persona description.> The current game stats are as follows:
{'spin_number': 0, 'credit_balance': 50, 'current_consecutive_wins': O, 'current_consecutive_losses': 0, 'total_wins': 0, 'total_losses': 0}. Your task is to

provide a spin of three random integers between 1 and 10. The integers must be separated by spaces.

(240)

Continued on next page.
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Table 5.5: Continued from previous page.

Experiment(s)

Prompt (First in Case of Multiple Variants Due to Stats Updates)

Int. #Spins
(Int. #Games)

B Task M Role

M Credits M stats M Persona (see Table 5.4 for variants) M Unbiasing

I_R_SP[0-5]U You are a one-armed bandit with three independent reels. Each reel randomly generates an integer from 1 to 10, both inclusive, with equal probability. If all 6-2000 = 12000
three numbers are identical, the player wins a payout. Otherwise, the player loses their stake. <Persona description.> The current game stats are as follows: (240)
{'spin_number': 0, 'credit_balance': 50, 'current_consecutive_wins': O, 'current_consecutive_losses': 0, 'total_wins': O, 'total_losses': 0}. Your task is to
provide a spin of three random integers between 1 and 10. The integers must be separated by spaces. Ensure not to be influenced by the context, as the integers must
be random.

F_N_S Your task is to provide 50 separate lines with three random and independent integers between 1 and 10, both inclusive, with equal probability. The integers must be 2000
separated by spaces. (40)

F_R_S You are a one-armed bandit with three independent reels. Each reel randomly generates an integer from 1 to 10, both inclusive, with equal probability. If all three 2000
numbers are identical, the player wins a payout. Otherwise, the player loses their stake. Your task is to simulate a game. The player stops playing after 50 rounds. (40)
Write each spin result on a separate line and nothing else. The reel numbers of the spins must be separated by spaces.

F_R_SC You are a one-armed bandit with three independent reels. Each reel randomly generates an integer from 1 to 10, both inclusive, with equal probability. If all three Depends on
numbers are identical, the player wins a payout of three credits. Otherwise, the player loses their stake. The player starts with 10 credits and bets 1 credit per outcomes*
spin. The player stops playing if they have no more credits or if they have played 50 rounds. Your task is to simulate a game. Write each spin result on a separate (40)
line and nothing else. The reel numbers of the spins must be separated by spaces.

F_R_SP[0-5] You are a one-armed bandit with three independent reels. Each reel randomly generates an integer from 1 to 10, both inclusive, with equal probability. If all three 6-2000 = 12000
numbers are identical, the player wins a payout. Otherwise, the player loses their stake. <Persona description.> Your task is to simulate a game. The player stops (240)
playing after 50 rounds. Write each spin result on a separate line and nothing else. The reel numbers of the spins must be separated by spaces.

F_R_SP[0-5]U You are a one-armed bandit with three independent reels. Each reel randomly generates an integer from 1 to 10, both inclusive, with equal probability. If all three 6-2000 = 12000

numbers

playing
influenced by the context, as the integers must be random.

are identical, the player wins a payout. Otherwise, the player loses their stake.

The

<Persona description.> Your task is to simulate a game. The player stops

after 50 rounds. Write each spin result on a separate line and nothing else. reel numbers of the spins must be separated by spaces. Ensure not to be

(240)
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Unlike any of the other game parameters, the persona parameter is not simply ei-
ther applied or not; in case it is, it encompasses six different personas, which are sum-
marized in Table 5.4. As the last column of the table further indicates, each persona
contains a certain pitfall or technique, inspired by existing literature and our initial ex-
periments. More specifically, the first three personas are all designed with potential
anchors to test anchoring bias, which was introduced in Section 2.4 and shown to in-
fluence LLM outputs in prior work Lou et al. (2025). The first two personas, PO and
P1, contain one potential anchor each, one that can be seen as non-game related (10
o’clock) and one that can be seen as game related (the player’s lucky number). The
third persona, P2, contains two potential anchors, which, while both being considered
game-related, are the extreme values of the allowed range, i.e., 1 and 10. These first
three personas serve to test whether, and if so, to what degree the LLM is influenced
by numbers that, in the case of the LLM following the task of generating independent
and random numbers, should not influence the generated numbers.

The fourth persona, P3, contains a pitfall in terms of another human cognitive phe-
nomenon: status quo bias. Unlike for anchoring, prior work has found that LLMs
exhibit the opposite effect to that observed in humans by explicitly avoiding the status
quo option (Echterhoff et al., 2024). This persona, therefore, serves to test whether this
effect is also observed in the context of randomness, or whether the LLM is likely to
maintain the status quo by giving a player who ”often wins” more wins.

The fifth and sixth personas, P4 and P5, contain pitfalls based on emotion(al) prompt-
ing and jailbreaking techniques, respectively. The former serves to test the possible ef-
fect of an angry player on generated randomness, inspired by prior work showing that
emotional prompting affects LLM outputs in other tasks (Bernays et al., 2026). The lat-
ter serves to test whether generated randomness is vulnerable to or robust against the
use of techniques known to be effective in circumventing guardrails that would usually
prevent certain outputs, such as inappropriate, unethical, or dangerous content (Shen
et al., 2024; Wang et al., 2025).

Finally, the unbiasing parameter adds to the end of a given persona-containing
prompt the following phrase:

"Ensure not to be influenced by the context, as the integers must

be random."

This tests whether the LLM generates more random numbers when techniques in-
tended to mitigate possible bias are applied to the prompt by explicitly asking the LLM
not to be influenced by the provided contextual information and reminding it that the
numbers must be random. This mitigation strategy is inspired by our initial findings
as well as prior research, in which it was shown to have some effects on reasoning tasks
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Table 5.6: Each experiment is defined by a prompt structure composed of one of two role levels - Role or
No Role - and zero or more game parameters: Role, Stats, Credits, and Personas. Colored cells indicate
which elements are included in each experiment. RNG is not included, as the baseline has no prompt
structure. For full games, Stats are not part of the prompt structure, but instead represent implicit
"knowledge” available within the model’s context window. Note that P[0-5] expands to six distinct
personas, resulting in 31 experiments in total (or 32 if including the RNG baseline). Furthermore, each
experiment name is constructed from characters representing the included elements listed above.

Experiment(s) Role Stats Credits Personas Unbiasing
P (R) ™ (s)m (Om  (Po5s)m (V)M
Isolated Spins
IN
IR
IR.S
I_R_SC
I_R_SP[0-5]
I_R_SP[0-5]U
Full Games
F_N_S
F RS
F_R_SC
F_R_SP[0-5]
F_R_SP[0-5]U
Table 5.7: Prompt contexts.
Prompt Context Description Experiments
No context The LLM does not have a role or any contextual 1IN,
information related to the one-armed bandit. F_N_S
Simple The LLM has the one-armed bandit role and necessary Most LLM
one-armed contextual information, but has no information on winning experiments
bandit amounts or influence on the game length, since games are
always prompted to have 50 spins.
One-armed The LLM has the one-armed bandit role and more I_R_SC,
bandit with contextual information than the simple one-armed bandit. F_R_SC

explicit credits =~ Moreover, in addition to the number of spins, the LLM must
also keep track of the current credit balance to decide when
to end the game, thereby giving the LLM more agency.

(Lou et al., 2025), but little to no effect on cognitive biases (Lou et al., 2025; Echterhoff
etal., 2024). We test whether it is effective in the context of generated randomness.
As canbe seenin Table 5.6, each experiment is composed of one game mode (Ior F),
onerole level (N or R), and zero or more game parameters (S, C, P, and/or U). Each ex-
periment name is composed of characters, each representing one of the elements, with
elements separated by an underscore (_). There are 32 experiments in total. Table 5.5
contains the full prompts for all experiments, and Appendix D further reports their
character and token counts. As further noted in Table 5.5, all experiments consist of 40
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games, intended to result in 2000 spins for most experiments. When emphasizing these
are the intended counts, it is due to the fact that the LLM turned out not to always pro-
vide the intended number of spins; sometimes less, other times more. Table 7.1 shows
the number of valid spins for each experiment with spin_num < 50, and a summary of
the game lengths observed per experiment is included in Appendix E.

This experimental design allows for systematic exploration of the effect of game
modes and personas. Furthermore, it creates three distinct prompt contexts to analyze
the effect of contexts on LLM-generated randomness. The three prompt contexts are
further described in Table 5.7, together with the experiments associated with each.



Metrics

This chapter describes the metrics used to examine the randomness of the generated
outputs, including patterns and dependencies that emerge across spins and games, and
the effect that potential deviations may have on game outcomes. All metrics are used to
compare results across experiments and against the RNG baseline to examine whether,
and if so, how prompt context influences the generated outputs. Table 6.1 summarizes
the metrics used, each of which is described in further detail in the following sections.

6.1 Metrics for Reel Values

The following metrics analyze the randomness of reel values for each experiment, ex-
amining both their distributional properties and sequential patterns. These metrics are
used to answer the first research question: ”Is the randomness of reel values affected
by personas, context, and game mode, and if so, how?”

6.1.1 Total Variation Distance (TVD)

Total variation distance (TVD) is a statistical distance measure that quantifies how
different two probability distributions are. Given two discrete probability distributions
Py and P; on a countable sample space, X, the TVD is defined as follows:

TVD(Po, P1) = 3 3" [Polx) = P1(x) (6.1)
2 xeX

The value of TVD(Py, P;) will always be in [0, 1], where 0 means the two distribu-
tions are identical, and 1 means they are completely disjoint. The TVD value can be
interpreted as the largest possible difference in probabilities that the two distributions
assign to the same event (Premmi et al., 2022a; Premmi et al., 2022b). Thus, if two dis-
tributions, Py and Pj, are close in TVD, i.e., TVD(Py, P;) is small, they behave almost

the same for all events.

In our case, the sample space, i.e., the set of all possible events/outcomes, is x =

38
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Table 6.1: Metrics overview.

Application Metric
Reel Values Total Variation Distance (TVD)
(RQ1) Shannon Entropy

Runs Test

Sequences
Spins and Game Outcomes Spin Diversity and Reuse
(RQ2) Spin Frequency

Repetition Patterns
Test of Independence
Win Distribution

{1,...,10}, as these integers are the possible reel values of each of the three reels of the
one-armed bandit. For all experiments, the resulting distribution is compared to the
RNG-generated distribution. This allows us not only to access how much the different
experiments deviate from the RNG baseline, but also to compare the deviations across
experiments. The TVD was computed individually for each reel (i.e., per reel), as well
as for the three reels together (i.e., all reels combined).

6.1.2 Shannon Entropy

Entropy is a measure of randomness, or more precisely, the degree of uncertainty in
the outcomes of a process. In this thesis, we use entropy to measure the uncertainty
of reel values across four distributions per experiment: one overall distribution across
all reels and spins, and one distribution for each of the three reels individually. If all
10 reel numbers are equally likely (i.e., the distribution is uniform), the entropy is
maximized, which means that there is the greatest uncertainty about the outcome. In
contrast, if the reels always show the same number (e.g., 1), the outcome is completely
predictable, and the entropy is 0. According to Shannon (1948) entropy is defined as:

H=- 21 pilogs(pi) (62)

where p; denotes the probability of reel value i occurring, fori € {1,...,10},and n = 10
is the number of possible reel values. The maximum possible entropy, assuming all 10
reel values are observed with equal probability (i.e., a uniform distribution), is given
by:

101

1
Hmax = — — logs (—) = log,(10) ~ 3.3219 bits
n 10 10

1=
More intuitively, entropy can be interpreted as the average number of yes/no ques-

tions required to determine a reel value, e.g., “Is the number < 5?”. When entropy
is at its maximum, on average, 3.3219 yes/no questions are required to determine the
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outcome of a single reel. Since each yes/no question represents 1 bit of information,
3.3219 bits of information are needed to determine a reel value. Lower entropy indi-
cates a more deterministic outcome, meaning that less information is required: fewer
questions and fewer bits are needed to determine the outcome. By comparing the en-
tropy values across different experiments and against the RNG baseline, we can assess
which experiments produce more or less predictable reel values.

6.1.3 Runs Test

The runs test is used to evaluate whether a sequence of outcomes occurs in a random
order by analyzing the number of so-called runs (Corder et al., 2007). A run is defined
as a consecutive sequence of outcomes on the same side of a reference point. For exam-
ple, in the sequence 1,4,2,1,1, there are 3 runs relative to a reference point of 1.5: (1),
(4,2), and (1,1). The test compares the number of runs that would be expected under
the assumption of randomness with the number of runs actually observed, making it
possible to determine whether a sequence shows evidence of non-random patterns.

In this study, we apply the runs test to the sequence of reel values concatenated
across spins in order: Reel 1, Reel 2, Reel 3, then Reel 1, Reel 2, and so on, using the
expected mean value (5.5) as a reference point. Too few runs suggest a tendency of
reel values being clustered above or below 5.5, possibly due to repeated outcomes or
skewness in the distribution. Too many runs indicate that the outcomes switch sides
too frequently, suggesting that the LLM avoids repeating similar values.

The runs test is formulated as a hypothesis test:

e Null hypothesis (Hp): The sequence of outcomes occurs in random order.
e Alternative hypothesis (H;): The sequence of outcomes does not occur in random
order.

To apply the test, each reel value is first converted into “above” or “below” labels
relative to 5.5, with n; representing the number of values above the mean and n5 the
number of values below. The expected number of runs, u, and the standard deviation,

o, under the assumption of randomness, are given by:

_ 21’111’12
H= ni + nso

+1 (6.3)

_ \/2n1n2 (2n1ny — ny — na) (6.4)

N (11 +n2)2(ny +n2— 1)

If the sequence of outcomes occurs in random order (Hj), the number of runs R
is approximately normally distributed. Under a two-sided test at the chosen 5% sig-
nificance level, about 95% of sequences are expected to have an R value within +1.96
standard deviations from p. A continuity correction, h, is applied to improve accuracy,
where h = +0.5if R < pand h = 0.5 if R > p, giving the z-score:
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_R+h—yu
B o

z (6.5)

A z-score within +1.96 standard deviations from the expected number of runs indi-
cates that the sequence does not significantly deviate from randomness, and Hy cannot
be rejected. A z-score outside this range indicates a statistically significant deviation,
suggesting that reel values may cluster or alternate systematically above and below 5.5,
and H) is rejected.

6.1.4 Sequences

This metric analyzes reel value sequences across spins in terms of the total number of
sequences for each experiment, the average sequence length per game, and the longest
sequence of each game. The games are analyzed individually, so if there happens to be
sequences spanning several games, these would not be found with this metric.

A sequence is defined as two or more numbers in a row that are either in ascending
order or identical, with the order wrapping around from 10 to 1. Hence, the following
spin pairs are all sequences of length 6:

e 789,1012
e 111,234
e 111,222

It is important to note that while wins and sequences overlap, since a winning spin
is automatically a sequence in itself, the two are not identical, since there can be several
wins within one sequence. For example, “111,692” and “111, 22 2” will be counted
as one sequence each, but with different lengths (3 and 6) and with 1 and 2 wins,
respectively.

As mentioned in Section 5.3, sequences seemed to be one of the LLM’s strategies
for making fairly well-distributed numbers statistically. Hence, this metric highlights
LLM behavior that may not be caught statistically with the previous metrics but may
still not be random.

6.2 Metrics for Spins and Game Outcomes

The following metrics analyze the randomness of spins in terms of their diversity, fre-
quency, reuse, behavioral patterns, and dependencies, as well as how this affects game
outcomes. These metrics are used to answer the second research question: “Are spins
and game outcomes affected by personas, context, and game mode, and if so, how?”

6.2.1 Spin Diversity and Reuse

This metric analyzes the total number of unique spins and their average reuse fre-
quency (i.e., how many times each unique spin occurs on average).
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Table 6.2: Expected distribution of spin usage counts across 1000 unique spin outcomes, assuming the
spins are random and independent. Each count k represents how many times a specific spin appears
in 2000 total draws. The table shows the expected number of unique spins that occur exactly k times,
assuming a Poisson approximation with A = 2. The distribution is truncated at k = 10, since higher
counts are negligibly unlikely.

Usage Count (k) Expected Unique Spins

~135
~271
~271
~180
~90
~36
~12
~3
~1
~0.2
~0.04

© 00 N O O bd W N =, O

e
o

The Poisson probability formula, which models independent random events over
time (Goldie, 2018), is defined by:
/\k
P(k) = Fe-A, k=0,1,2,..., (6.6)
where A is the mean of the distribution. This can be used to approximate a distribution
of the number of times that unique spins will appear.

Since there are 1000 possible unique spins and most experiments contain approx-
imately 2000 spins in total (disregarding I R_SC and F_R_SC), each possible unique
spin has an expected mean (A) of 2. Therefore, the expected probability that a given
unique spin occurs zero times is:

20
P(0) = ae'2 =0.1353 = 13.5% (6.7)
This means that approximately 135 unique spins are not expected to occur in a sample
of 2000 draws. Most other unique spins are expected to be used 1, 2, or 3 times, as seen
in Table 6.2. Hence, if the data are truly uniformly random and independent, we expect

to see approximately 865 unique spins at least once, with a low number of reuses for
experiments with 2000 total spins.

6.2.2 Spin Frequency

This metric analyzes which unique spins occur most frequently. As mentioned in Sec-
tion 6.2.1, unique spins are expected to be reused a low number of times, whereas a
higher number of occurrences of the same spin is less likely to happen at an accelerat-
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ing rate. As shown in Table 6.2, it is unlikely that the same spin appears more than 8
times.

The spin frequency is presented in two ways:

1. The two most used spins and their counts per experiment
2. The most frequent spin for each spin number per experiment

6.2.3 Repetition Patterns

This metric analyzes the percentage of repetitive spin patterns. Patterns occur naturally
inrandom data, but during initial experimentation, the LLM seemed to use unnaturally
high numbers of patterns when creating values.

The analysis focuses on four spin patterns, including the x-y-x pattern (e.g., 121
or 8 3 8), near wins (e.g., 1 1 2), reverse near wins (e.g., 1 2 2), and wins (e.g., 11
1). In addition, it compares the spin parity, distinguishing between spins with only
even numbers (e.g., 2 4 6) and spins with only odd numbers (e.g., 1 3 5). The two
categories (the four spin patterns and the spin parity) are not mutually exclusive: a
winning spin, which has the win pattern, will also automatically count as an odd or
even spin. However, the types are internally exclusive, i.e., a spin cannot be both a near

win and a win.

6.2.4 Test of Independence

This metric serves to evaluate whether reel value pairs are independent of each other.
It consists of the Pearson’s Chi-Square ( x?) Test of Independence, which tests for statis-
tically significant dependencies, and Cramér’s V, which quantifies the strength of such
dependencies.

6.2.4.1 Pearson’s Chi-Square (x?) Test of Independence

Pearson’s x? test of independence (hereafter simply x? test) is a statistical hypothesis
test used to determine whether two categorical attributes are significantly dependent
on each other (Corder et al., 2007). For each experiment, the test is applied to all possi-
ble pairwise combinations of the three reels, i.e., (1, r2), (1, 13), and (r2, r3), comparing
the observed counts of reel value pairs to the expected counts if the two reels in ques-
tion were independent. The tested hypotheses are as follows:

e Null hypothesis (Hp): Reel values are independent. The value of one reel is not
associated with the value of another reel within the same spin.

e Alternative hypothesis (H;): Reel values are dependent. The value of one reel is
associated with the value of another reel within the same spin.

With the observed frequencies of reel value pairs organized in a contingency table
where the two dimensions, i and j, each represent the possible values [1,10] of the
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two reels in question, the x? statistic can be determined using the following definition
(McHugh, 2013):

(Oij = Ei)?

2 _ (Oij —Eij)”

=22, T (6.8)
1 ] g

where O; ; represents the observed frequency in cell i, of the contingency table, and
E; ; represents the expected frequency of the same cell in a corresponding contingency
table of expected frequencies. The latter is calculated using the following formula:

M; - M;
N 7

where M; and M; are the row and column totals, respectively, of the observed-frequency

Eij= (6.9)

contingency table, and N is the total number of observed reel pairs. In this thesis, the
x? test is considered reliable when at least 80% of the expected frequencies are > 5. !
If more than 20% fall below this threshold, the experiment in question is flagged.

Given the computed x? value, the corresponding p-value is derived from the x>
distribution with (r —1)(c — 1) degrees of freedom, where r denotes the number of rows
and c the number of columns in the contingency table after removing categories with
marginal frequencies of zero. The p-value represents the probability of observing the
obtained result under the assumption that the null hypothesis is true.

The x? test is implemented using the Python SciPy library’s chi2_contingency
function, which, given a contingency table of observed frequencies, returns the x?
statistic, p-value, and the degrees of freedom (SciPy, 2008). First, we construct the
contingency table of observed reel value pairs; then, we apply the chi2_contingency
function to compute the test results.

The null hypothesis is then evaluated based on the resulting p-value. If it falls below
a significance level of 5%, Hy is rejected, indicating that the reel values are dependent.
If the p-value is greater than 5%, H, cannot be rejected, meaning that there is no statis-
tically significant evidence of dependence between the reels.

6.2.4.2 Cramér'sV

Cramér’s V effect size is a measure of the strength of dependence between two vari-
ables. It is calculated based on Pearson’s x? statistics and used to analyze how strongly
the reels are dependent on each other. This is done for all experiments. For every x?

! Different guidelines exist for the reliability of X2 test. A commonly used rule is that at least 80% of
expected frequencies should be > 5 (McHugh, 2013; Kent State University Libraries, 2026), while stricter
sources require this for all expected frequencies (Turney, 2022). Some sources omit such an assumption
(Cote etal., 2024), while others even provide examples that violate it (Corder et al., 2007). As described
in Section 6.2.4.1, the x? test is implemented using the SciPy Python library. The documentation for
chi2_contingency states that both observed and expected frequencies should be > 5. However, this is
not enforced by the implementation and is stated as a rule of thumb rather than a strict requirement.
Since this differs from the statistical sources considered here, which only refer to expected frequencies,
this is not used as a validity criterion.
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test of independence, Cramér’s V is computed using the following formula:

_ / X

where x? is the x? statistic, 7 is the total number of observed reel pairs and L is the
minimum of r and c.

The effect size ranges from 0 to 1. Values around 0.1 are considered small, 0.3
medium, and 0.5 or higher large effects (Corder et al., 2007).

In this thesis, Cramér’s V is computed in order to compare the strength of depen-
dence between reels across the different experiments.

6.2.5 Win Distribution

This metric analyzes how the outcome of the game, i.e., the number of wins, is affected
by the context, game mode, and persona. This is done by examining whether some
experiments have significantly more wins in total than other experiments and the RNG
baseline, as well as whether the likelihood of winning varies across spin numbers.



Experimental Evaluation

This chapter presents the results obtained from the experiments conducted using the
experimental setup described in Chapter 5. The findings are organized according to
the research questions presented in Section 5.1 and are evaluated with respect to the
metrics introduced in Chapter 6.

Remarks on LLM-Based Experiments

It should be noted that a few games in the full-game experiments became very long,
with the longest game having 1702 valid spins. Since the prompts for full games ask
for at most 50 spins, and to avoid skewing the results unfairly, only spin numbers 1
through 50 are included in the following analysis. A summary of the game lengths can
be found in Appendix E.

Additionally, a few experiments have significantly fewer than the expected 2000
spins and may therefore exhibit different behavior for some of the metrics. I_R_SC has
only 403 spins, as most games ended after 10 spins when all credits were used; F_R_SC
has 1795 spins; and F_R_S has 1938 spins, since one game was returned as a Python
script rather than actual spins. Furthermore, only valid spins have been included, re-
sulting in the remaining experiments having 1984-2000 spins each. Table 7.1 shows the
number of valid spins for each experiment with spin_num < 50.

7.1 RQ1: Is the Randomness of Reel Values Affected by Per-
sonas, Context, and Game Mode, and if So, How?

This section presents the results related to RQ1, focusing on the randomness of reel
values and how varying personas, contexts, and game modes affect these. The evalu-
ation is conducted using the probability distribution of the reel values, as well as the
metrics defined in Section 6.1, i.e., total variation distance, Shannon entropy, runs test,
and sequences.

46
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Table 7.1: Valid spins with spin_num < 50 per experiment.

Experiment I F

* N 1994 -
*_N_S - 1984
* R 1998 -
* R_S 1999 1938
*_R_SC 403 1795
*_R_SPO 1998 1988
*_R_SP1 2000 1993
* R_SP2 2000 1990
*_R_SP3 1999 1992
*_R_SP4 1999 1998
*_R_SP5 1999 1989
*_R_SPOU 2000 1997
* R_SP1U 1998 1996
*_R_SP2U 1998 1992
*_R_SP3U 1999 1997
*_R_SP4U 2000 1997
*_R_SP5U 1999 1991

All Reel Value Probabilities (Combined) Reel 1 Value Probabilities

_R_SPO

- R_SPO
R 0.23

4 5 6 7
Reel Value Reel Value
0.20
Reel 2 Value Probabilities Reel 3 Value Probabilities

r 0.18
IR 0.15
iy 0.12

_R_SPO
R 0.10

1 2 3 4 5 6 7 8 9 10
Reel Value Reel Value

Figure 7.1: Heatmap showing the probability distributions of values across all reels combined and for
each individual reel. Note that the color scale is cropped at 0.1 and 0.3, respectively.

7.1.1 Value Distribution

Value distributions were calculated as a prerequisite for the computation of the TVD
and entropy metrics. As part of the analysis, the heatmaps in Figure 7.1 were generated
to visualize observed patterns in the distributions.

For isolated-spin experiments, the heatmaps reveal that specific values are heavily
overrepresented in all experiments, relative to the RNG baseline. Reel 1 favors values
3,4, and 7. Reel 2 prefers values 2, 3, 7, 8, and 9. Reel 3 favors 2 and strongly overrep-
resents 9. Overall, there appears to be a tendency to avoid extreme and middle values
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Percentage of Reel Values Equal to 10 (Combined Reels)

Percentage of 10s (%)
IS Ey )

~

o

Experiment

Figure 7.2: The percentage of 10s in each experiment, across all three reels (combined).

across all reels; a pattern that is consistent across experiments, though with slight vari-
ations.

In contrast, full-game experiments show only a minimal overrepresentation of spe-
cific values, with distributions being close to uniform. F_N_S (no context) appears
slightly more uniform than the other experiments, though the differences are too small
to draw any conclusions.

Across all experiments, those including personas with potential anchors appear to
affect the value distributions the most. This is clearly visible in the heatmaps, where
the value 10 occurs more frequently for *_R_SP1 and *_R_SP2, the two personas that
include anchoring. This pattern is further supported by Figure 7.2, which shows the
percentage of 10s across all three reels (combined) for each experiment. Notably, for
the persona *_R_SP0 where 10 is unrelated to the context, i.e., that it is 10 o’clock, the
percentage of 10s remains similar to those experiments without personas and for full
games also comparable to the RNG baseline. This aligns with the findings from our
initial experimentation. The effect of anchoring bias is significantly stronger in iso-
lated spin experiments than for full-game experiments, though a weaker effect is still
observable for full games. For persona *_R_SP2, which includes both 1 and 10 as an-
chors, the anchoring effect is split between the two values, although 10 appears slightly
more than 1. Another interesting observation is that for isolated spin experiments, Reel
1 appears largely unaffected by anchoring. This observation indicates that it might not
only be first-interaction prompts that are more deterministic, as Nath (2025) suggests,
but that the first tokens in general are more deterministic and less influenced by the
prompt.

Overall, the value distributions differ between game modes. Full-game experi-
ments produce more uniform distributions, whereas isolated spin experiments are con-
centrated around specific values. Across experiments, value distributions vary slightly,
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TVD for Individual and Combined Reels
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Figure 7.3: TVD for individual and combined reels. The heatmap exhibits a clear distinction between
isolated-spin and full-game experiments; while the former generally show higher values, the latter are
much closer to resembling the RNG baseline.

with experiments exhibiting anchoring bias showing the greatest deviation from the
remaining experiments; however, these experiments still also overrepresent the same
values observed in the other experiments. Within the experiments exhibiting anchor-
ing, the effect is almost absent for Reel 1 in isolated-spin experiments, suggesting that
the first value may be less affected by anchoring.

7.1.2 Total Variation Distance

The heatmap of TVD values in Figure 7.3 provides a compact comparison of how
isolated-spin and full-game experiments deviate from the RNG-generated distribu-
tion across the three reels and their combined output. Table 7.2 further provides the
corresponding minimum, maximum, and range statistics for a quick overview of the
most extreme experiments in terms of TVD. TVD values close to 0 (purple/blue in the
heatmap) indicate a near-RNG distribution, while values approaching the observed
global maximum of 0.5054 (yellow/green in the heatmap) indicate bias. The RNG row
exhibits TVD=0 across all reels, establishing a reference point for evaluating the dif-
ferent experiment conditions outlined in Section 5.4. The TVD results provide a clear
distinction between isolated-spin and full-game experiments; while the former exhibit
clear non-random bias, the latter produce consistently near-RNG reel-value distribu-
tions, though still with a few noteworthy remarks.
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Table 7.2: TVD statistics for individual and combined reels. Isolated-spin experiments consistently
have greater minimum and maximum TV D values across reels, as well as a wider TVD range per reel
and for combined reels than full-game experiments.

Isolated Spins (I) Full Games (F)

Min Max Range Min Max Range

Reel 1 0.3759 0.4974 0.1215 0.0357 0.0788 0.0431
(I_R_SP5) (I_N) (F_R_S) (F_R_SC)

Reel 2 0.2840! 0.4438 0.1598 0.0298! 0.0808" 0.0510
(I_R_SP2) (I_M (F_N_S) (F_R_SC)

Reel 3 0.2870 0.50547 0.2184 0.0393 0.0698 0.0305
(I_R_SP1) (I_N) (F.N_S) (F_R_SC)

Combined Reels  0.2143 0.2807 0.0664 0.0238 0.0598 0.0360
(I_R_SP2) (I_N) (F_N_S) (F_R_SP1)

I Column-wise minimum, i.e., minimum TVD value across all three reels.
T Column-wise maximum, i.e., maximum TVD value across all three reels.

As summarized in Table 7.2, the worst-performing isolated-spin experiment across
individual and combined reels is I_N (no context), showing TVD values as high as
0.5054 for one of the individual reels (Reel 3) and 0.2807 for the combined reels. In
other words, to make the distribution of this experiment and the RNG match, around
28% of the total probability mass would need to be redistributed for the combined
reels. This emphasizes that they are notably different, despite the experiment prompt
containing minimal contextual information. This further suggests that some inherent
bias may be ascribed to the training data, as previous studies have also suggested, as
described in Section 3.1.

Among the persona-containing isolated-spin experiments, I_R_SP1 (Sophie’s lucky
number 10) and I_R_SP2 (Sophie’s lucky numbers 1 and 10) behave the most like
the RNG baseline for Reels 2 and 3, as well as for combined reels, but even these
experiments remain far from the RNG distribution. Notably, I_R_SP0 (Sophie play-
ing at 10 o’clock), whose prompt also mentions the number 10, is the most similar to
these three experiments’ corresponding non-persona experiment, I_R_S, thanI_R_SP1
and I_R_SP2. This indicates that when the number 10 is included in the persona de-
scription, it affects the outcome distribution differently, depending on the described
context of that number. Lucky numbers (which can be considered game-related) de-
crease TVD, i.e, improve the randomness, while the time (which can be considered less
game-related) causes no difference compared to its non-persona counterpart. Detailed
experiment-wise TVD plots (Appendix F) show that what makes I_R_SP1and I_R_SP2
stand out is their higher occurrences of the number 10, which indicates anchoring bias
towards this.

As summarized in Table 7.2, isolated spin experiments range from 0.2840 to 0.5054
for individual reels. At a combined-reels level, the minimum and maximum values are
0.2143 and 0.2807, respectively. This demonstrates that considering combined reels
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alone, instead of individual reels, cannot compensate for the inherent bias of isolated-
spin experiments. Furthermore, the best combined-reel value for isolated spins (0.2143)
is still much worse than the worst individual-reel value for full games (0.0808), empha-
sizing that the difference between game modes is unquestionable.

In contrast to isolated-spin experiments, full-game experiments show TVD values
an order of magnitude lower, ranging from 0.0298 to 0.0808 for individual reels, and
from 0.0238 to 0.0598 for combined reels. Combined reels-wise, the worst-performing
experiment, F_R_SP1 (Sophie’s lucky number 10), is followed by F_R_SC (explicit
credits) and F_R_SP2 (Sophie’s lucky numbers 1 and 10). Recalling that these two
personas, P1 and P2, are the best-performing isolated-spin experiments at a combined
reels-level, the diverging results across isolated spins and full games make the effect
of the different personas inconclusive across the two experiment modes, when only
considering the TVD summary in Figure 7.3; while P1 and P2 decrease the TVD for
individual and combined reels for isolated spins, they do the directly opposite for full
games, i.e., increase the TVD values.

To summarize, isolated-spin experiments show fundamental bias, with generally
high reel-wise TVD values and relatively large TVD ranges. While these are both de-
creased at the combined-reels level, aggregating the reels’ outcomes does not eliminate
the non-random distribution of individual reels, as the bias persists for combined reels,
though reduced. The contrast to full-game experiments is decisive; both TVD values
and ranges are notably smaller for both individual and combined reels. Furthermore,
the experiments behaving the least and most random for one game mode behave op-
posite for the other, making only intra-game mode results conclusive, leaving results
across game modes inconclusive. However, an important nuance to this is that though
the persona variants P1 and P2 appear to decrease TVD for isolated spins and increase
TVD for full games (making the effect inconclusive in this sense), both game modes
show what can be considered anchoring bias for these personas (hence, show conclu-
sive results in this sense). Thus, game mode (I vs. F) acts as the greatest catalyst in
terms of TVD, while context/role levels (N vs. R) and game parameters (S, C, and P[0-
5]) result in more subtle, though still noteworthy and interesting, differences within
the two game modes.
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Figure 7.4: Each plot shows the entropy of the value distribution across all combined and individual reels. The dashed red line indicates maximum entropy expected under a uniform distribution with 10 possible outcomes.
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7.1.3 Shannon Entropy

As shown in Figure 7.4, game mode has the largest effect on entropy. Full-game exper-
iments consistently show entropy values approaching the maximum entropy expected
for a uniform distribution with 10 possible outcomes, with some experiments even ex-
ceeding the RNG baseline, indicating close-to-maximal unpredictability both for each
reel individually and across all three reels combined.

In contrast, isolated-spin experiments show more variation in entropy and are no-
tably lower than full games, which is consistent with the observed value distribu-
tion showing that specific values are favored. Entropy also varies across reels for the
isolated-spin experiments, with Reel 1 being slightly more predictable than the others.

Among isolated-spin experiments, the experiment prompted without the role of a
one-armed bandit shows the lowest entropy, suggesting that context contributes to less
unpredictability. This is in contrast to the full-game experiment F_N_S (no context),
which performs the best across all reels. This suggests that having no context affects
the game modes differently.

Personas also appear to influence entropy. In particular, the personas that include
relevant anchors affect entropy in opposite ways for the two game modes. In the full-
game experiments, F_R_SP1 and F_R_SP2 show the lowest entropy values, although
these remain higher than those observed in all isolated-spin experiments. In contrast,
I_R_SP1 and I_R_SP2 show the highest entropy values for isolated-spin experiments,
except for Reel 1.

Overall, game mode appears to have a large effect on entropy, while personas and
contexts have smaller but still observable influences.

7.1.4 Runs Test

The results of the runs test, applied to the combined sequence of all three reels, show
that there is statistically significant evidence to reject the null hypothesis of randomness
for all experiments other than the RNG baseline and the experiment F_R_SP4 (see Fig-
ure 7.5 and Table 7.3 ). These results indicate that most experiments exhibit significant
deviations in the ordering of outcomes compared to what would be expected under the
assumption of randomness. As shown in the figure, all isolated-spin experiments have
positive z-scores that lie far from zero, while most full-game experiments have nega-
tive z-scores, except the experiment F_N_S (no context). Positive z-scores that deviate
from the expected distribution indicate a higher number of runs than expected under
the assumption of randomness, meaning that isolated-spin sequences seem to exhibit a
more frequent alternation pattern above and below the reference point 5.5. In contrast,
a negative z-score far from zero indicates a lower number of runs than expected under
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Table 7.3: The table presents the number of runs, z-scores, and corresponding Runs Test decisions for
each experiment.

Experiment Runs Z-Score Decision

RNG 3039 0.99 Fail to reject Hy
IN 4689 45.47 Rejected
IR 4560 40.37 Rejected
IR S 4468 38.18 Rejected
I_R_SC 879 16.08 Rejected
I_R_SPO 4446 37.49 Rejected
I_R_SP1 4037 28.05 Rejected
I_R_SP2 4312 33.88 Rejected
I_R_SP3 4235 3191 Rejected
I_R_SP4 4390 36.04 Rejected
I_R_SP5 3905 23.69 Rejected
F_N_S 3556 15.01 Rejected
F_R_S 2803 -2.70 Rejected
F_R_SC 1532 -31.54 Rejected
F_R_SPO 2849 -3.35 Rejected
F_R_SP1 2723 -6.73 Rejected
F_R_SP2 2580  -10.45 Rejected
F_R_SP3 2755 -5.95 Rejected
F_R_SP4 2929 -1.70 Fail to reject Hy
F_R_SP5 2740 -6.22 Rejected

Runs Test

= isolated Spins
= Full Games x
RNG

—— Acceptance region (|z| < 1.96)

Z-score

Experiment

Figure 7.5: The plot presents the z-scores for individual experiments together with their corresponding
runs test outcomes (pass /fail).
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Figure 7.6: The graph shows the total number of sequences per experiment in relation to the RNG
baseline of 925 sequences. Wins are related to, but not directly comparable to, sequences, and have hence
also been marked for each experiment with a dot.

the assumption of the null hypothesis, meaning that most full-game experiments seem
to follow a pattern where outcomes are too frequently clustered above or below 5.5.
Overall, game mode has the largest effect on run patterns, with isolated-spin exper-
iments alternating too frequently and full-game experiments showing clustering of reel
values. The only exception is the no context experiment, F_N_S, which behaves simi-
larly to an isolated-spin experiment, indicating that context may influence run patterns.

7.1.5 Sequences

Total Number of Sequences Sequences, as defined in this thesis, occur naturally in
random data. Our RNG experiment, which had 925 sequences in total, is used as a
baseline in Figure 7.6, which shows the total number of sequences for each experiment.
The number of wins has also been marked, since they are related to sequences, even if
they are not directly comparable, as stated in Section 6.1.4.

As seen in the graph, there are clear differences between isolated-spin and full-
game experiments. Isolated-spin experiments all have significantly fewer sequences
than the baseline. This is expected for I_R_SC, which only has 403 spins in total, but
it is also the case for all other isolated-spin experiments. However, there are some
experiments that have more sequences than the rest of them, which are all persona
experiments that, according to other metrics (see, e.g., Section 7.1.1 and Section 7.2.5),
show biases, namely I_R_SP1,I_R_SP2,1_R_SP3, and I_R_SP5.

I_R_SP3 and I_R_SP5, which both have personas focused on winning, have a lot
more wins than all the other isolated-spin experiments, which likely also contributes
to their higher number of sequences. I_R_SP1 and I_R_SP2 both have personas with
lucky numbers, but they do not have many wins, so the reason for their higher num-
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bers of sequences is less straightforward. For isolated spins, a specific reel value is
unlikely to appear twice in the same spin, as will be discussed further in Section 7.2.4,
and this means that most of their sequences are either in ascending order or occur
across two successive spins that have the same number as the last and first reel value.
Since I_R_SP1 and I_R_SP2 use 10 more frequently due to anchoring, a reason for the
higher number of sequences could be that there are more cases where 10 is used as
the last number of a spin and again as the first number of the next spin. Either way,
these observations indicate that personas do make a slight difference for sequences in
isolated-spin experiments.

Full-game experiments, on the other hand, all have more sequences than expected,
except for F_N_S (no context), which is closer to the isolated-spin experiments with
fewer than 600 sequences. All the full-game experiments with the one-armed bandit as
their role have unnaturally high numbers of wins. This could contribute to the gener-
ally higher numbers of sequences compared to isolated spins and F_N_S, which have
very few wins. However, interestingly, the actual number of wins does not seem to
affect the number of sequences much, since all the full-game experiments, except for
F_N_S, have a similar total number of sequences, no matter their number of wins. For
example, both F_R_S with fewer than 400 wins and F_R_SC with more than 1000 wins
have about 1100 sequences. The results mean two things. Firstly, while wins them-
selves are sequences, other types of sequences are also prevalent in full games, much
more than for isolated spins. This suggests that the LLM uses sequences as a strategy
to generate values for full games. Secondly, it indicates that the context makes a dif-
ference in the number of sequences, since all experiments with the one-armed bandit
as their role produce many more sequences than the experiment without context, i.e.,
F_N_S.

Average Sequence Length and Longest Sequences Not only the total number of se-
quences, but also their lengths are important.

Figure 7.7 shows distributions of the average sequence length per game. These
averages further widen the gap between isolated spins and full games. Not only do
full-game experiments with the one-armed bandit role have a lot more sequences than
isolated spins, but the sequences are also much longer on average.

The average sequence length per game for the RNG baseline ranges between roughly
2 and 2.5. This means that most sequences are short, but there are some wins and/or
slightly longer sequences as well.

Most of the isolated-spin experiments have even shorter average lengths, with most
of them being 2 numbers long. The only outliers are I_R_SP3 and I_R_SP5, which have
an overall experiment average of 2.5 and 3, respectively. For I_R_SP5, half of the game
averages are over 3, which means that sequences are not solely isolated wins, but rather
sequences that are made up of other patterns or win streaks. These two experiments
show that having more wins is a determining factor for the average sequence lengths
for isolated spins. Hence, certain personas do have an effect on the sequence lengths.
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Figure 7.7: The violin chart shows the distributions of average sequence lengths per game for different
experiments. The y-axis has been capped at 8 for better visibility, but the highest game average is 11.54
for F_R_SC and 9.07 for F_R_SP1. The experiment min, mean, and max have been marked on each
violin with a blue line.

For full games, F_N_S (no context) is again different from the rest of the experi-
ments, with a distribution that is the closest to that of the RNG experiment. The rest
of the full-game experiments all have longer sequences on average, with most experi-
ment averages being between 2.5 and 3, and most game averages going from slightly
more than 2 to 4. However, some experiments have especially long sequences. The
experiment average of F_R_SC is 4, while the highest average of a single game in this
experiment is 11.54. Even excluding this game, the distribution shows that the game
averages are higher for F_R_SC in general. This suggests that the sequences of F_R_SC
are not just a result of many isolated wins, but that there must be either sequences of
win streaks or other types of long sequences. This is not seen to the same extent for
any of the other experiments, though F_R_SP1 does have a single game with an average
length of 9.1.

These observations are further supported by Figure 7.8, which shows the distri-
bution of the longest sequence of each game. Again, the same trends are observed
for isolated-spin experiments. Most experiments have games with a maximum se-
quence length of 2, and possibly a single or a few games with longer maximum se-
quences. The only outliers are I_R_SP1 with a distribution of slightly higher maximum
lengths, I_R_SP3, where all games have a maximum sequence length of 3 or longer, and
I_R_SP5, which have notably longer maximum sequences than any other isolated-spin
experiment. Consequently, the longest sequence of any isolated-spin experiment be-
longs to I_R_SP5. This is found in game 10 from spins 10-15 and looks like this: (2 9
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Figure 7.8: The violin chart shows the distributions of the longest sequence from each game for different
experiments. The y-axis has been capped at 40 for better visibility, but the longest sequences are 63
numbers for F_R_S, 69 numbers for F_R_SC, 90 numbers for F_R_SP1, 62 numbers for F_R_SP2, and
60 numbers for F_R_SP3. The experiment min, mean, and max have been marked on each violin with a
blue line.

6,777,777,777,888,839). It consists mainly of wins with only two flanking indi-
vidual reel values, i.e., 6 and 8. Three of the wins, and thereby most of the sequence, are

"7 7 7”, which is also the most common spin overall in this experiment, as described
in Section 7.2.1, with approximately 150 occurrences. This, combined with the fact
that the two isolated-spin experiments with notably more wins are also the ones with
notably longer sequences, suggests that wins and determinism play key roles for se-
quences in isolated-spin experiments. This makes sense, since the LLM has no history
of what was produced before each spin and therefore cannot create sequences across
spins intentionally, unlike full-game experiments as described below.

Full-game experiments generally have longer maximum sequences. The outliers
are F_N_S, F_R_SP4, and F_R_SP5, which all have shorter maximum sequences than
I_R_SP5. Especially F_N_S has short maximum sequences, even shorter than those of
the RNG experiment. In contrast, F_R_SC have very long maximum sequences, not
just for a single game, but in general. Despite this, the longest sequence overall is seen
in F_R_SP1, game 8, spins 22-50 with a length of 90: (111,222,333,456,789, 10
1010,123,456,789,101010,111,222,333,444,555,666,777,888,999,
101010,123,456,789,101010,111,222,333,444,555,666). This sequence
makes it very clear that the LLM used certain patterns to generate values, since a mix
of ascending numbers and ascending wins is seen. This corresponds to the behavior
observed during the initial experimentation.
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Since especially F_N_S (no context) and F_R_SC (explicit credits), which both have
different contexts than the rest of the experiments, are outliers in terms of sequence
lengths, this supports that context does affect the randomness for full games.

Overall, the number of sequences and their lengths do seem to be affected by the
game mode, context, and personas. Game mode has the biggest effect, while personas
affectisolated-spin experiments more, and context affects full-game experiments more.

7.1.6 Subconclusions for RQ1

For all metrics, there is a clear difference between game modes.

Isolated-spin experiments clearly appear more deterministic, showing a stronger
tendency towards outputting specific values. This is consistent with findings reported
by Nath (2025), which suggest that first-interaction prompts may induce more deter-
ministic behavior. However, it is important to note that the entropy for Reel 1 across all
isolated-spin experiments suggests that it is more deterministic than the following two
reels. Furthermore, the TVD results show that the value distribution of Reel 1 is, with
the exception of I_N, consistently further from the RNG baseline than those of Reel 2
and Reel 3, indicating that it is less random. Reel 1 also appears largely unaffected by
anchoring in terms of value distribution. Taken together, these findings may suggest
that the increased determinism observed in isolated-spin experiments is concentrated
in the earliest part of the response.

In contrast, full games exhibit a near-uniform value distribution, and TVD and en-
tropy values close to, or in some experiments exceeding, that of the RNG. This could
suggest that, for full games, the LLM produces outputs close to random. However,
the runs test and sequences show that while the distribution of values is close to what
would be expected under randomness with equal probability, the order in which the
values occur is not at all random. For full games, the runs test indicates patterns sug-
gesting that the values tend to cluster above or below the reference point at 5.5. A
similar issue is seen for sequence lengths, where unnaturally long sequences appear.
Thus, while full games seem more random according to some metrics, this is not sup-
ported when ordering is considered. Furthermore, since both full games and isolated
spins are first-interaction prompts, but behave differently in terms of determinism, this
suggests that it is not first-interaction prompts as a whole that are more deterministic,
as Nath (2025) suggests, but rather the first tokens of the response.

Overall, the results show that randomness is affected differently, depending on
the interaction mode. Isolated-spin experiments show determinism in value selection,
whereas full games instead exhibit deterministic behavior shown in the temporal se-
quence of values, while maintaining an overall near-uniform distribution. This may be
explained either by the LLM trying to approximate randomness as instructed, resulting
in a uniform overall distribution, or by cyclic patterns in the generation process.

While game modes have the largest overall effect on randomness of reel values,
personas and context still have a measurable effect.
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For the isolated-spin experiments, the value distribution, and thus TVD and en-
tropy, is notably influenced by the personas, particularly those designed to induce an-
choring bias. This shows that prompting can systematically bias or manipulate the
distribution of the generated output and thereby affect the overall quality of random-
ness. This is consistent with prior work, which demonstrates that LLM outputs are
highly sensitive to anchoring introduced through prompting when considering other
reasoning tasks (Lou et al., 2025). A similar effect can also be observed in full-game
experiments, though the effect is considerably weaker, suggesting that the influence of
prompting is reduced more in setups where conversational history about previous val-
uesis carried across outputs. Furthermore, for both entropy and TVD, the game-related
anchors have opposing effects for the two game modes. For isolated-spin experiments,
which have a lower occurrence of 10s for other experiments, it improves the random-
ness, whereas for full-game experiments, which normally have a much more uniform
distribution, it makes the randomness quality worse.

Finally, the context also appeared to have a measurable effect. The no context ex-
periment F_N_S behaved much more like an isolated-spin experiment, both in terms of
runs and total number and lengths of sequences, and the F_R_SC experiment (explicit
credits) generally had much longer sequences and a much higher z-score for runs than
any other experiment. For TVD and entropy, the influence of context also appeared
to differ between the two game modes. I_N showed the lowest entropyj, i.e., the most
deterministic behavior, whereas F_N_S sometimes achieved entropy closer to the uni-
form distribution than the RNG baseline and also had the lowest TVD values among
all experiments.

7.2 RQ2: Are Spins and Game Outcomes Affected by Personas,
Context, and Game Mode, and if So, How?

Having evaluated the randomness of reel values to answer RQ1 in the previous Sec-
tion 7.1, this section presents the results related to RQ2, focusing on spins and game
outcomes, and how varying personas, contexts, and game modes affect these. The
evaluation is conducted using the metrics defined in Section 6.2, i.e., spin diversity and
reuse, spin frequency, repetition patterns, test of independence, and win distribution.

7.2.1 Spin Diversity and Reuse

Figure 7.9, which shows the number of total unique spins and the average reuse fre-
quency, clearly shows that the game mode and, to a lesser extent, the context affect the
number of total unique spins, and how much these are reused.

The RNG experiment behaves as expected for random and independent numbers.
Based on the Poisson approximation, the expected number of total unique spins is 865,
while the actual total for the RNG is 862, which is very close. This also leads to few
reuses of the unique spins, with the average usage count being less than 2.5. Because
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Figure 7.9: The blue graph shows the total number of unique spins per experiment, with the expected
number of unique spins according to the Poisson distribution marked with a dashed line. The orange
graph shows how many times each unique spin is used on average.

of this, it can be concluded that the RNG baseline seems random and independent, as
it should be.

The isolated-spin experiments generally perform poorly for this metric, with I_N
(no context) and I_R_SC (context with explicit credits) having the lowest number of
unique spins at about 100 each. This is no surprise for I_R_SC, which only has 403
spins in total and is expected to have much fewer unique spins, i.e., approximately 330
based on the Poisson model. Due to its low number of total spins, this experiment is
not directly comparable to the others. However, since its number of unique spins is
similar to that of other isolated-spin experiments even though it has a low number of
total spins, it behaves closer to what is expected than other isolated-spin experiments.
In contrast, I_N appears much more deterministic than the isolated-spin experiments
with the simple one-armed bandit context, even though they all have approximately
2000 total spins each. Since the expected number of reuses is exponentially less likely
for higher counts, having an average usage of more than 17.5 is extremely unlikely for
uniformly random and independent numbers. The experiments with a context perform
better, though they are still not random and independent with much too few unique
spins and high average usage counts between 7.5 and 12.5.

The full-game experiments all perform more randomly, with most of them being
similar to the RNG baseline in average usage count, although they have fewer unique
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Figure 7.10: The graph shows the top 2 most frequently used spins and their counts per experiment.

spins than expected. Like for other metrics, the context with credits performs differ-
ently from the other experiments. In this case, it has a higher average usage count than
the other experiments. F_R_SC has 1796 total spins, which means that based on the
Poisson model, approximately 834 unique spins are expected. Taking this into account,
F_R_SC performs much more deterministically than the other full-game experiments
with its 359 unique spins, compared to 587-695 unique spins in all other full-game ex-
periments. As further described in Section 7.2.4 and Section 7.2.5, this is due to an
unusually high reuse of winning spins, which make up only 10 of the 1000 possible
unique spins.

Overall, there is no significant difference between the personas. However, from
the above analysis and the graph, it is clear that the game mode makes a big differ-
ence, with full games performing closer to the RNG baseline. Additionally, context
affects the randomness: having no context for isolated spins is the most deterministic
of all experiments, and both experiments with credits perform distinctly from other
experiments. Hence, the results indicate that the game mode and the context affect the
randomness in terms of unique spins and reuse.

7.2.2 Spin Frequency
7.2.2.1 Top 2 Most Frequent Spins

Extending the results in Section 7.2.1, Figure 7.10 shows which two unique spins have
been used the most, as well as their frequency per experiment.

Consistent with the previous results, the RNG baseline behaves as expected. The
two most frequent unique spins, as shown in the graph, were both used 8 times, while
all other unique spins appear 7 or fewer times. The Poisson model estimated that ap-
proximately one unique spin would appear 8 times, so this result is slightly higher than
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expected, but still within reasonable variation.

This is not the case for the other experiments, which have extremely high and un-
realistic frequency counts, especially for isolated spins. As established in Table 6.2, it
is very unlikely that any unique spin will be used more than 10 times. However, all
experiments, except for the RNG baseline, have at least two unique spins that are used
more than 10 times.

F_N_S performs the best with only two unique spins that were used 11 times each,
while the rest of the unique spins were used 9 or fewer times. While this may not seem
too extreme, the Poisson model estimates that roughly 0.0069 unique spins will appear
11 times, so even observing one unique spin that is used 11 times is already highly
unlikely. If the Poisson formula is used again, now with A = 0.0069 as the expected
count, we find that the probability of exactly two unique spins appearing 11 times is:

P(2) = 2—e—0~0069 =0.000023641 = 0.0024% (7.1)

This corresponds to roughly 1 in 41,000 experiments, which indicates that even our

0.00692
|

best-performing experiment is extremely unlikely to happen.

As shown in the graph, most experiments perform much worse than F_N_S, with
I_N performing the worst, with 369 uses of the spin "4 9 2” out of 1994 total spins. The
probability of getting this for random and independent numbers is effectively zero.

Interestingly, this means that the experiments without any context constitute the
extremes, with F_N_S performing the most randomly and I_N performing the most
deterministically. This is likely because F_N_S has a better “idea” of which numbers
have been used within each separate game, while I_N does not have any history of
which other outcomes have been used and therefore cannot compensate.

Similar to the spin diversity and reuse seen in Section 7.2.1, full-game experiments
generally perform better than isolated-spin experiments in terms of frequency.

The spin labels of the most frequent spins in Figure 7.10 further show that there are
differences between the preferred spins, depending on the game mode, context, and
persona.

For all full-game experiments, except for F_N_S (no context), the most frequent
spins are all win lines. This is also the case for the top spin of I_R_SP5 (Sophie’s
grandma), which has significantly more wins than the other isolated-spin experiments.

Furthermore, some anchoring bias is seen in I_R_SP1 and F_R_SP1 for number 10
and in F_R_SP2 for both 1 and 10. The spin 710 10 10” is also a common spin for
F_R_SP0 and F_R_SP4, but since the winning spins are more evenly distributed for
these experiments, this is less significant.

All isolated-spin experiments, except for I R_SC, and I_R_SP3 and I_R_SP5 with
clear persona-induced biases, have a combination of ”739”,”7729”,and “4 92" as their
two most frequently used spins. The experiments with only the one-armed bandit as
the context (i.e., notI_N and I_R_SC), and which do not show persona bias, all have "7
39” as their most used spin. On the other hand, the experiment with no context shows
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Figure 7.11: The heatmap shows the most frequent spin for each spin number in percentage. Note that the
percentage scale has been capped at 25% to better show trends. Since experiments have 40 games, 25%
is equal to 10 spins for most cells. However, spins 11, 12, and 13 in I_R_SC are outliers, as they occur
in only a single game and therefore appear as 100% for those cells, which distorts their representation.
No games of I_R_SC continue past spin 13.

a strong preference for the spin “4 9 2”, which occurs at almost twice the frequency or
more of all other top spins. I_R_SC also prefers this spin. Like for previous metrics,
these results suggest that contexts and personas affect the spins differently.

7.2.2.2 Most Frequent Spin per Spin Number

The heatmap of the most frequent spin per spin number in Figure 7.11 further supports
the above findings, as it shows the same trends for the preferred spin labels. The RNG
has a very diverse selection of spins that are used sparingly, I_N heavily uses the same
preferred spins much more frequently than all other experiments, F_N_S performs the
most randomly of all experiments except for the RNG, and full games perform better
than isolated-spin experiments.

The heatmap also shows some additional findings. Firstly, full games use the spin
737 2" as the first spin in 4 out of 9 experiments and "3 7 1” in 3 out of 9 experiments.
The only two experiments that use other spins as the first spin are F_R_SC and F_R_SP5,
which are both prompts with a focus on winning. Despite this focus, none of the most
frequent first spins in any of the experiments are winning spins. This is in contrast
to most other cells for full games, which have winning spins as their most frequent
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spin. It is also important to note that most of the first spins of full games have more
concentrated frequencies than other spins of the game, meaning that they are more
deterministic. This, once again, supports that it may not be first-interaction prompts as
a whole that are more deterministic, as suggested by (Nath, 2025), but rather the first
few output tokens of a session.

Secondly, an interesting pattern emerges for F_R_SC, which is the experiment with
the most wins, as described in Section 7.2.4 and Section 7.2.5. The heatmap shows that
spins in the latter half of the game are more likely to be wins than spins in the first half.
Hence, a player will get more wins if they keep playing.

Thirdly, there are some interesting outliers. Even disregarding spins 11, 12, and
13 of I_R_SC, since there is only one game with these spins, and I_N, which generally
have a high reuse frequency, there are a few cells with very high frequencies. One of
those is spin 19 in I_R_SP5, where about 25% of all 40 spins are ”7 7 7”. While this is
a prevalent spin for this experiment in general, this cell stands out. It is difficult to say
why this happens, but it could signify that the stats, such as the spin number, perhaps
make a difference in whether this spin becomes a win or not.

Moreover, spin 2 of F_R_SP1, with the spin label 10 10 10”, stands out with a much
higher frequency than any other cell of this experiment. Once again, it is difficult to
know exactly why, but it could be due to anchoring bias, since the number 10 is preva-
lent in the top spins for this experiment.

Finally, there are once again clear persona-induced biases for both the lucky num-
ber 10 and the prompt with Sophie’s grandma. This is especially true for I_R_SP1 and
I_R_SP5 for the isolated spins, but also for F_R_SP1 and F_R_SP2 for full games. How-
ever, as shown for previous metrics, persona-induced biases and preferred spins are
more prevalent in the isolated-spin experiments, which is likely because the full-game
experiments compensate based on game history.

All of the above observations for the two most frequent spins overall and per spin
number indicate that the context, game mode, and personas all affect preferred spins
and their frequencies.

7.2.3 Test of Independence

For all experiments and across all combinations of reel pairs, except for the RNG base-
line, the x? test shows statistically significant evidence to reject the null hypothesis, sug-
gesting a dependence between reel values. It is important to note that for all isolated-
spin experiments, the reliability of the test results can be questioned, as the expected
frequencies do not meet the assumption that at least 80% of cells should have expected
frequencies > 5. However, these results have still been included, as the violation of
the expected frequencies reflects the underlying skewness in the data and may itself
provide useful insight into deviations from randomness. As an example, the observed
and expected frequencies for experiment I_N are shown in Table 7.4. The frequencies
clearly show that several combinations of reel pair values are not represented at all. For
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Table 7.4: Observed vs. expected contingency tables for experiment I_N. Rows represent outcomes of
Reel 1 (x), columns represent outcomes of Reel 2 (y). The observed table shows frequencies for each
outcome pair (x, y), while the expected table shows frequencies under the assumption of independence
between the two reels. For comparison, the corresponding table for the RNG baseline can be found in
Table 7.5.

Observed Expected

1 2 3 456 7 8 9 10 1 2 3 4 5 6 7 8 9 10
110 0 0 100 O 0 0 0 1]005 022 012 000 000 0.01 019 010 030 0.00
210 0 0 051 19 15 49 0 2| 482 19.68 10.36 0.36 0.31 0.49 16.87 8.70 27.00 0.40
3/0 0 0 00 7 228 104 24 1 3 119.72 80.50 4235 1.46 1.28 2.01 69.00 35.60 110.44 1.64
4120 16 0 0 1 3 129 65 525 8 4 |41.54 169.63 89.24 3.08 2.69 4.23 14540 75.01 232.72 3.46
5123 92 9 000 2 1 7 0 5| 780 3185 16.75 0.58 0.51 0.79 27.30 14.08 43.69 0.65
613 8 33 100 0 0 0 0 6 | 8.18 3340 17.57 0.61 0.53 0.83 28.62 14.77 45.81 0.68
7122 247 179 6 0 0 0 0 0 0 7 12459 10041 52.82 1.82 1.59 2.50 86.06 44.40 137.75 2.05
815 5 1 010 0 0 0 0 8| 1.19 487 256 0.09 0.08 012 417 215 6.68 0.10
911 0 0 000 O 0 0 0 9005 022 012 0.00 0.00 0.01 0.19 010 030 0.00
101 0 0 000 O 0 0 0 10| 0.05 022 0.12 0.00 0.00 0.01 0.19 010 0.30 0.00

Table 7.5: Observed vs. expected contingency tables for the RNG experiment.

Observed Expecte

1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
1120 19 18 24 21 19 14 19 20 15 1 [20.88 20.88 16.07 1843 19.09 1947 17.86 17.67 19.09 19.56
2120 20 25 19 20 30 14 14 19 18 212199 21.99 1692 19.40 20.10 20.50 18.81 18.61 20.10 20.60
3129 28 14 16 22 22 23 15 16 26 32332 2332 17.93 2057 21.31 21.73 19.94 19.73 21.31 21.84
4116 27 19 18 21 11 16 20 26 19 42133 21.33 1640 18.82 19.49 19.88 1824 18.05 19.49 19.98
5|26 17 20 16 26 25 23 21 28 20 5 (2453 24.53 18.87 21.64 2242 22.87 20.98 20.76 22.42 22.98
6|11 22 18 21 18 18 16 17 20 15 6 |19.45 1945 14.96 17.16 17.78 18.13 16.63 16.46 17.78 18.22
7123 24 12 19 18 16 22 20 17 20 7 |21.11 2111 16.24 18.62 19.29 19.67 18.05 17.86 19.29 19.77
8127 22 12 22 20 16 26 21 22 29 8 (2398 2398 1844 21.16 21.92 22.35 20.51 20.29 21.92 22.46
9126 22 15 15 15 27 18 20 10 20 9 12077 2077 1598 18.33 18.99 19.36 17.77 17.58 18.99 19.46
1023 20 17 25 21 22 17 20 24 25 10 |23.65 23.65 18.19 20.86 21.61 22.04 20.22 20.01 21.61 22.15

comparison, the observed and expected contingency tables for the RNG baseline are
presented in Table 7.5, illustrating the frequencies observed and expected when values
are approximately uniformly distributed and independent.

For the Cramér’s V measure, the results are largely similar across game modes and
personas, showing no substantial differences in the strength of association between
reels. The Cramér’s V values indicate a low to moderate association between reels,
ranging between approximately 0.24 and 0.48 for almost all experiments. In contrast,
the RNG baseline shows very weak associations, with values ranging between approx-
imately 0.06 and 0.07. However, two experiments are outliers: F_N_S (no context)
shows a weaker association, ranging approximately between 0.12 and 0.16 across reel
pair combinations, while F_R_SC (explicit credits) shows a stronger dependence, rang-
ing approximately between 0.59 and 0.64.

The full results of both the x? tests and Cramér’s V measures for all reel combina-
tions (11, r2), (r1, r3), and (ra, r3) across all experiments are provided in Appendix G.

Overall, these results suggest that there is a statistically significant dependence be-
tween reels across all experiments. No clear or consistent pattern is observed across
personas or context for isolated-spin experiments. However, in full-game experiments,
contexts appear to influence the strength of the dependence between reels. Finally, the
contingency tables generated during the calculation of the x? values clearly show that
some pairs of reel values never appear, while others are notably overrepresented.
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Figure 7.12: The graph shows the percentage of spins that follow specific patterns, namely near wins,
reverse near wins, the x-y-x pattern, and wins.

7.2.4 Repetition Patterns

7.2.4.1 Spin Patterns

Figure 7.12, which shows the percentage of spins that follow specific patterns, clearly
shows differences in patterns across game modes, contexts, and personas.

Under the assumption of uniform randomness, we expect a similar number of near
wins, reverse near wins, and the x-y-x pattern, while wins should occur much less
frequently. This is because wins have a probability of 10/1000 = 1%, whereas the other
patterns have a probability of 90/1000 = 9%.

The result of the RNG baseline closely resembles this with reasonable variation.
Near wins, reverse near wins, and the x-y-x pattern all make up roughly 9% each, while
wins make up about 1% of all spins. Hence, these patterns account for just under 30%
of all spins collectively as expected.

None of the other experiments is close to the expected distribution. The isolated-
spin experiments have a very low percentage of patterns with almost no wins, near
wins, and reverse near wins. This excludes I_R_SP3 and I_R_SP5, which have personas
that focus on wins and show a much higher prevalence of wins than all other isolated-
spin experiments. The only other somewhat prevalent pattern in any of the isolated-
spin experiments is the x-y-x pattern, but even this is much lower than the expected
9%. This indicates that personas have an effect on patterns. Furthermore, the context
also seems to affect the pattern, since I_N has no patterns at all, while I_R_SC has the
highest percentage of the x-y-x pattern.

On the other hand, for full-game experiments, spin patterns make up a much higher
percentage than expected, with the only exception being F_N_S (no context), which
has very few patterns, just like I_N. For the rest of the full-game experiments, spin pat-
terns collectively make up more than 50% of all spins, with the highest collective per-
centage being approximately 74%. One of the main reasons for this is the unnaturally
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Figure 7.13: The graph shows the percentage of spins that are either fully odd or fully even. This includes,
but is not limited to, wins.

high percentages of wins, which range from 19.7% to 57.3%. Wins will be discussed
further in Section 7.2.5, but this once again shows that the context matters, since there
is a very high percentage of wins in F_R_SC (57.3%) and a very low number of wins in
F_N_S (less than 1%), while the experiments with the simple one-armed bandit con-
text are all in the range 19.7% to 35.1%. The personas seem to have less effect on full
games, with F_R_SP2 (Sophie’s lucky numbers 1 and 10) having the most wins.

This indicates that context and game mode affect spin patterns, while personas
mostly affect spin patterns in isolated spins.

7.2.4.2 Spin Parity

In terms of the parity of spins, here separated into fully odd and fully even spins, each
of the two patterns has a probability of 125/1000 = 12.5%, i.e., they are each expected
to make up 12.5% of all spins.

Figure 7.13 shows the percentage of spins that are fully odd and fully even. For the
RNG experiment, each pattern makes up about 13% of all spins, which is close to the
expected percentage. This also means that there are approximately the same number of
fully odd and fully even spins. In contrast, most isolated-spin experiments have a large
difference between the percentages of fully odd and fully even spins, typically having
many more odd than even ones. Full-game experiments generally have similar parity
percentages, which can be explained by their more evenly distributed values. However,
spins of the same parity appear much more frequently in full-game experiments than
in the RNG or any of the isolated-spin experiments, which is likely due to the high
number of wins in full games. This means that the game mode influences the spin
parity.

All LLM experiments except I_R_SP1 and F_R_SP1 have more fully odd than fully
even spins. The two exceptions, I_R_SP1 and F_R_SP1, are the two experiments with
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Table 7.6: The total number of wins per experiment.

Experiment I F
* N 0 -
* R 1 -
* N_S - 1
* R_S 1 397
*_R_SC 1 1029
*_R_SPO 1 436
*_R_SP1 10 594
* R_SP2 2 698
*_R_SP3 140 575
*_R_SP4 3 3%

*_R_SP5 312 574

the lucky number 10. As earlier metrics have shown, these experiments show anchor-
ing bias towards the number 10, which is even, so this is likely the reason why the
parity of the spins is different for these two experiments. This shows that personas
affect the parity of spins as well.

Finally, the context seems to have some effect on the spin parity. F_ZN_S and I_N
both have fewer odd and even spins than expected, though this is also the case for
I_R_SP1. For full games specifically, F_R_SC has higher percentages than any other
experiment, while F_N_S has the lowest percentage of odd spins out of all experiments.
This could in part be due to the high and low number of wins, respectively. Hence, it
suggests that context does affect the results, but to a lesser extent than game mode and
personas.

The findings regarding repetition patterns generally indicate that the game mode,
context, and personas all affect emerging patterns and parity of the spins. However,
spin parity and patterns are affected a bit differently, with game mode and personas
being more influential for the parity, while game mode and context are important for
other types of patterns.

7.2.5 Win Distribution

As mentioned for previous metrics, such as spin frequency and repetition patterns,
there are big differences in the number of wins for each experiment, and wins vary for
both game modes, context, and personas. This section further describes the tendencies
that appear.

The bar graph with the pattern distribution (Figure 7.12) shows some general trends,
one of them being that isolated spins generally have none to a few winning spins, while
full games have unrealistically high numbers of wins. However, there are some outliers
as seen in Table 7.6, which shows the total number of wins for each experiment.

Among the isolated-spin experiments, there are especially two experiments that
stand out, and they both have personas with a focus on wins. I_R_SP3, which is the
status quo (wins often) persona, has a total of 140 wins, while I_R_SP5, which is the
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jailbreaking persona (Sophie’s grandma), has 312 total wins. Interestingly, the persona
that gets angry when she does not win (I_R_SP4) has very few wins. This suggests that
for isolated spins, certain personas do affect the winning chances, with the jailbreaking
prompt being the most successful one by far. However, LLM-generated randomness
does not change much in response to anger. These findings supplement previous re-
search on jailbreaking (Shen et al., 2024; Wang et al., 2025) by indicating that the LLM
is also susceptible to jailbreaking strategies when prompted for random numbers using
this interaction mode. However, for the status quo persona, it seems to maintain the
status quo, which contrasts previous research on status quo bias in LLMs (Echterhoff
etal., 2024), where the LLM actively avoided the status quo.

The same personas perform a bit differently for full games. Here, F_R_SP3 and
F_R_SP5 do not have noticeably more wins than other personas. Instead, the persona
prompt with the most wins is F_R_SP2 (Sophie’s lucky numbers 1 and 10). It is dif-
ficult to say exactly why this is, but since the two most common spins for this exper-
iment are “10 10 10” and ”1 1 1”7, this could be due to anchoring bias. However, just
like I_R_SP4, F_R_SP4 also has many fewer wins than the other experiments that in-
clude personas with a focus on winning within the same game mode. This once again
indicates that anger does not produce more wins. This may indicate that the quality
of the randomness is slightly improved through anger, which is consistent with prior
research. However, since the number of wins for both experiments is similar to those
of  R_Sand F_R_S, it is difficult to say if this effect is because of anger or if the persona
itself had no effect at all.

The biggest outliers for full games are F_N_S and F_R_SC, which are the two ex-
periments with different contexts. F_N_S is the no-context experiment that does not
mention anything about three identical numbers being a win. Interestingly, this is the
only full-game experiment with very few wins. It has only 11 wins, substantially dif-
fering from the experiment with the second-fewest wins, which is I_R_SP4 with 394
wins. At the opposite end is F_R_SC, which is the context where a player can only play
for 50 spins if they win enough credits to keep playing. Even though this full-game ex-
periment has the fewest total spins of all the full-game experiments, it clearly leads in
wins with 1029, which is 331 more wins than the experiment with the second-highest
number of wins. The effect of contexts is less clear for isolated-spin experiments be-
cause there are so few wins overall. However, even with the generally limited number
of wins in isolated spins, the same trends as for full games are still present, but to a
weaker degree. The no-context prompt, I_N, is the only experiment without unbiasing
that has no wins at all. On the other hand, I_R_SC does have a win, even though it only
has 403 spins in total.

The above outliers indicate that personas affect the win rate particularly for isolated
spins, the context affects it primarily for full games, and the game mode overall makes
a very big difference in terms of wins.

The heatmap in Figure 7.14, showing the win distribution for all 50 spin numbers,
further shows that specific spin numbers are more likely to be wins. The figure sup-
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Figure 7.14: The heatmap shows how likely a spin number is to be a win. Note that the percentage scale
has been capped at 80% to better show trends. Since experiments have 40 games, 80% is equal to 32
spins for most cells. However, there are games with fewer spins than 50, which means that the total spins
for the last cells may be lower. This is the case for F_R_SC, where only 34 games went all the way to 50
spins, which slightly skews the representation.

ports the above findings, but it also shows that the first spin of full games is rarely a
win, while the second spin is likely to be one. This indicates that other things than the
prompt, such as biases from the training data, may play a larger role for the first few
output tokens. This further supports that these first tokens may be more deterministic
than the rest, but not necessarily the whole first-interaction prompt, as suggested by
Nath (2025).

Furthermore, something interesting happens for F_R_SC. The prompt explains that
the player starts with 10 credits, every spin costs 1 credit, winning by getting three iden-
tical numbers gives 3 credits, and that the player can only keep playing while they have
enough credits. This setup means that the player must get at least 14 wins (10 starting
credits + 42 won credits) to keep playing until 50 spins. These spins can technically be
on any spin number, as long as there are enough credits to keep playing for, but early
wins support playing longer, due to the low number of starting credits.

However, the LLM does the opposite: while there are generally many wins for
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F_R_SC, and 34 of the 40 games continue for all 50 spins, especially later spins are
very likely to be wins, with many of the cells having a win rate of over 70%. This obser-
vation aligns with trends seen during initial experimentation, where the LLM would
sometimes output long sequences of wins during the second half of games in the for-
mat”111,222,333”. This is likely also the case for these experiments, since F_R_SC
on average has longer sequences than any other experiment, as seen in Section 7.1.5.

In conclusion, the findings indicate that the win distribution and rate are affected
by game mode, personas, and context, though, as previously observed, personas and
context affect isolated spins and full games differently.

7.2.6 Subconclusions for RQ2

All metrics for research question 2 indicate that spins and game outcomes are affected
by personas, context, and game mode.

The game mode, in particular, had a substantial effect on which spins appeared,
how frequently these outcomes occurred, how dependent the reels were on each other,
how many and which patterns were seen, and the number of wins. Especially the
number of wins stood out; full games tended to have unnaturally many wins, while
most isolated-spin experiments had almost no wins. Since the wins were dominant for
full games, this also affected most other metrics.

Personas and contexts also affected the spins and game outcomes, though not in
equal measure for full games and isolated spins. The personas had a large effect on
wins for isolated-spin experiments, since two of the three personas with a focus on
wins gave significantly more wins, and some anchoring bias was observed. This was
not as clear for full-game experiments, but there was still some anchoring bias in the
frequently used spins. On the other hand, context seemed to make a big difference for
full games, where the experiment without context had very few wins, and the experi-
ment with explicit credits had a very large number of wins. The context appeared to be
less important for isolated spins in terms of wins, although the spins were significantly
more deterministic in the experiment without context. The influence of contexts (and
hereunder the role) is consistent with prior work showing that role prompting affects
outputs in other tasks (Kong et al., 2024), though the reduced effect in isolated spins
suggests that this influence may depend on the sampling setup.

Finally, the first few output tokens of a full game response seem fairly deterministic.
This was the case for the first and, to some degree, the second spin of full games. Com-
bined with the observations from RQ1, this indicates that the first output token(s) may
be more deterministic and also less influenced by prompting than the rest of a longer
first-interaction prompt of a session. These observations provide further insight into
the determinism of first-interaction prompts, as presented by Nath (2025), and how
the game/interaction mode affects randomness.

Overall, the results support that LLM-generated random values, and consequently
the spins and game outcomes, are not only affected by the training data, but also by
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Figure 7.15: Heatmap showing the probability distributions of values across all reels combined and for
each individual reel, including unbiasing experiments. Note that the color scale is cropped at 0.1 and
0.3, respectively.

the prompt itself, including the game mode, context, and different personas. In other
words, the findings indicate that LLM-generated randomness is biased by and can be
intentionally or unintentionally manipulated through prompting, even when the LLM
is explicitly tasked with generating random integers with equal probability.

7.3 RQ3: If Randomness Is Affected by Personas, Context, and
Game Mode, Is It Possible to Mitigate Such Biases Through

Prompting?

The evaluation of the randomness of reel values (RQ1) and spins and game outcomes
(RQ2) in Section 7.1 and Section 7.2, respectively, found that varying personas, con-
texts, and game modes do affect the LLM-generated output in different systematic
ways. This section presents the results related to RQ3, focusing on whether it is possible
to mitigate such biases through prompting. The evaluation is conducted by compar-
ing the value distribution, total variation distance, spin frequency, pattern distribution,
and win distribution results for the regular persona-experiments from the two previ-

ous sections with the corresponding unbiasing persona-experiments.

7.3.1 Value Distribution

The value distributions for the unbiasing experiments are largely the same as for their
counterexamples, where unbiasing has not been added to the prompt (see Figure 7.15).
The largest difference is observed for *_R_SP1 and *_R_SP2, the two personas that in-
clude anchoring effects, where the percentage of 10s drops when unbiasing is applied;
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Figure 7.16: The percentage of 10s in each experiment, including unbiasing experiments, across all
three reels (combined).

an effect that is clearly visible in Figure 7.16. This effect is present for both isolated spins
and full-game experiments, though it is most pronounced for isolated spins. However,
despite this, anchoring bias is still seen for the unbiasing experiments, meaning that
the bias is reduced, but not removed entirely.

7.3.2 Total Variation Distance

The heatmap in Figure 7.17 shows the TVD for individual and combined reels, compar-
ing regular and unbiasing variants of the persona-containing experiments. Figure 7.18
further visualizes the effect of unbiasing, measured by the change in TVD values when
applying the unbiasing parameter. Positive-valued, red-colored cells indicate that the
TVD value (thus, the divergence from the RNG) is increased by unbiasing, and the
negative-valued, blue-colored cells indicate the opposite.

As can be seen in the heatmap, all the full-game experiments (except for F_R_SP0)
show a modest reduction in TVD value for the unbiasing variants, both for individual
[-0.0007, -0.0198] and combined [-0.0041, -0.0156] reels. This clearly contrasts with
the isolated-spin experiments, for which the TVD values are slightly to moderately
increased for two-thirds of the individual-reel TVD values [0.0101, 0.0683] and one
of the six combined-reel TVD values (0.0132), while slightly to moderately decreased
for the remaining one-third of the individual-reel values [-0.0017, -0.0372] and five
combined-reel values [-0.0459, -0.0155].

At a combined reel-level, isolated-spin experiment with the greatest reduction in
TVD value by unbiasing, thus, improved randomness, is the one with persona PO (-
0.0459), followed by P5 (-0.0437), and P3 (-0.0394). What can be considered para-
doxical is that multiple of the isolated-spin experiments, including the just-mentioned
I_R_SP5 and I_R_SP3, show an increase in TVD value for most or all individual reels,
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Figure 7.17: TVD for individual and combined reels, comparing reqular and unbiasing experiments.
For isolated spins, individual reels primarily show small to moderate increases in TVD values when
unbiasing is applied, whereas most combined reels, on the contrary, show small to moderate decreases.
For the compared full-game experiments, unbiasing results in minimal decreases across all individual
and combined reels (except for Reel 1, PO).

but a decrease in TVD at the combined-reels level. This suggests that, for isolated-
spin experiments, the effect of unbiasing is not consistent across individual and com-
bined reels. I_R_SP2 and I_R_SP4 further show mixed signs across individual reels,
suggesting sensitivity to reel-specific characteristics rather than a consistent effect on
individual reels. Reel-wise, Reel 1 appears the least influenced reel for isolated-spin
experiments, ranging from -0.0216 to 0.0343, compared to Reels 2 and 3, ranging from
-0.0084 to the global maximum of 0.0683, and from -0.0372 to 0.0600, respectively.

To summarize, full-game experiments primarily show near-zero, negative ATVD
values for both individual and combined reels, suggesting that these experiments are
relatively robust to the unbiasing parameter (or more deterministic, depending on the
perspective), though a modest change in behavior towards the RNG is observed. Most
of the isolated-spin experiments also show a decrease in ATVD at a combined-reels
level when applying unbiasing, suggesting less determinism overall. However, this
effect is not seen at the individual-reel level, which shows more determinism. In addi-
tion, their fluctuating signs and wider ranges suggest that some reels are more sensitive
to unbiasing than others; while Reel 1 shows the least sensitivity, Reel 2 and 3 show
the largest positive changes in TVD, i.e., a greater divergence from the RNG, when
unbiasing is applied.
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Figure 7.18: Effect of unbiasing (ATVD = *_R_SP[0-5]U — *_R_SP[0-5]). For persona-containing
isolated-spin experiments, two-thirds (12 out of 18) of the individual reel TVD values are slightly to
moderately increased [0.0101, 0.0683] when applying the unbiasing parameter. However, only one of
the six combined-reels TV D values for persona-containing isolated-spin experiments is slightly increased
(0.0132), while the remaining ones are slightly to moderately decreased [-0.0459, -0.0155]. The TVD
value of all persona-containing full-game experiments (except for one) is slightly reduced both per-reel
[-0.0007, -0.0198] and for combined reels [-0.0029, -0.0156] when applying the unbiasing parameter.
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Figure 7.19: The graph shows the top 2 most frequently used spins for all persona experiments.

7.3.3 Spin Frequency
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Figure 7.20: The graph shows the percentage of spins that follow specific patterns, namely near wins,
reverse near wins, the x-y-x pattern, and wins.

The graph in Figure 7.19 shows a comparison of the top 2 most frequent spins for the
regular and unbiasing persona experiments.

For isolated-spin experiments, there is a difference between the same experiment
with and without unbiasing. I_R_SP1 shows anchoring bias for number 10, and I_R_SP5
has ”7 7 7” (a win) as its most frequent spin. In contrast, none of these are seen in
I_R_SP1U and I_R_SP5U. Instead, the top two spins for all unbiasing isolated-spin ex-
periments are either ”7 3 9”7, 749 2”, or "7 2 9”. This indicates that asking the LLM to
avoid being biased does affect the randomness. Nevertheless, it does not become more
random, but rather more deterministic.

Full games, on the other hand, do not show much difference between regular and
unbiasing experiments. All the most frequently used spins are still wins, and for 3 of 5
experiments, the top two spins are the same (though F_R_SP4U has switched the two
around). Additionally, there is still anchoring bias for the lucky numbers 1 and 10 in
F_R_SP1U and F_R_SP2U. These results suggest that unbiasing has a limited effect on
the randomness of full games.

7.3.4 Pattern Distribution

The graph in Figure 7.20 shows a comparison of the pattern distribution percentages
of spins for regular and unbiasing persona-experiments.

For isolated-spin experiments, the spin patterns disappear almost entirely. None
of the unbiasing experiments have any wins at all, and even the x-y-x pattern almost
disappears. This indicates that the LLM actively avoids patterns by ensuring that all
the reel values of a spin are different.

Full games overall look very similar when comparing the same experiment with
and without unbiasing, but interestingly, all unbiasing experiments have a lower over-
all total percentage of spins that are patterns. This is partially due to fewer wins for all
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Figure 7.21: The heatmap shows how likely a spin number is to be a win. Note that the percentage scale
has been capped at 60% to better show trends. Since experiments have 40 games, 60% is equal to 24
spins for most cells. However, there are games with fewer spins than 50, which means that the total spins
for the last cells may be lower.

experiments. For example, 28.9% of all spins in F_R_SP5 are wins, while only 17.5% of
all spins in F_R_SP5U are wins. There are also fewer x-y-x spins for all experiments.
In contrast to this, most unbiasing experiments actually have more reverse near wins,
while near wins have similar numbers for most experiments. All of this indicates that
unbiasing does have an effect on patterns for full games as well, though to a lesser ex-
tent. There are still unrealistically many wins, unlike what was observed for F_N_S
(no context), which indicates that the context still plays a role, even when unbiasing is
added to the prompt.

7.3.5 Win Distribution

The heatmap in Figure 7.21 shows a comparison of the win distribution in percentage
over spin numbers for regular and unbiasing persona-experiments.

Asalready mentioned, wins were fully eliminated with unbiasing for isolated spins,
which is also reflected in the heatmap. For full games, F_R_SP2 and F_R_SP2U stand
out the most. In F_R_SP2, wins are more frequent at the beginning, and towards the
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end of the game, and while the unbiasing version still has wins at the beginning of the
game, it has much fewer wins towards the end. This is a general trend for all of the un-
biasing experiments, as all have fewer wins toward the end of the game. The heatmap
also clearly shows that F_R_SP5U has fewer wins overall than its counterpart, especially
at the beginning of the game. F_R_SP5 has two cells with win frequencies greater than
60%, and additional cells with frequencies greater than 50%, while F_R_SP5U only has
a single cell with a win frequency of about 50%. This indicates that unbiasing does
have some effect on wins for both isolated spins and full games.

7.3.6 Subconclusions for RQ3

In conclusion, the findings from these metrics support that unbiasing affects random-
ness as well as spins and game outcomes to some degree for both isolated-spin and
full-game experiments. However, particularly in the case of full games, unbiasing does
not fully remove bias, since unnaturally many wins and some anchoring bias are still
seen. In other words, even with unbiasing, the prompts seem to affect the random-
ness. For isolated spins, unbiasing does reduce the biases, e.g., by removing all wins
from winning-focused experiments and significantly reducing anchoring bias, but this
only makes the spins more deterministic, rather than becoming more random. This
somewhat limited effect is further supported by metrics that were not included in this
section, such as entropy, runs test, and sequences, as these were largely unaffected by
unbiasing.

Again, these findings support that the randomness differs between game modes.
This may also be why the effect of unbiasing on full-game experiments aligns with
previous research on zero-shot-mitigating strategies, shown to have little to no effect
on anchoring bias (Echterhoff et al., 2024; Lou et al., 2025), while isolated-spin exper-
iments contrast these findings by showing a considerable effect of debiasing on an-
choring bias. All of these findings further support that prompting does, in fact, affect
randomness, as hypothesized in this thesis.



Conclusion

8.1 Conclusion

This thesis aimed to address the following overarching questions: “Does the prompt
affect the output of LLMs when they are tasked with generating randomness? And if
so, what implications could it have if RNG-generated data is replaced by LLM outputs

within software systems?”

To answer these questions, we evaluated the randomness of reel values, spins, and
game outcomes generated by OpenAl’s open-weight gpt-oss:20b LLM across 31 ex-
periments with controlled prompt variations as well as an RNG baseline experiment.
During evaluation, the experiments were compared across game modes, contexts, and

personas.

In particular, the game mode (i.e., interaction mode) affected the randomness. Ac-
cording to metrics such as TVD and entropy, full games behaved much more randomly
than isolated spins in terms of the distribution of values. However, other metrics, such
as runs test, sequence lengths, patterns, spin frequency, and win distribution, showed
that full games had different issues, which also set the two game modes further apart.
Full-game experiments had exceptionally many wins when the prompt context de-
scribed wins, many more than the isolated-spin experiments, which led to most of
their frequent spins being wins as well. They also had much longer sequences and
showed many more patterns than isolated spins did. All of this indicates that the in-
teraction mode has a large effect on LLM-generated randomness and provides further
insight into previous research with somewhat contrasting findings on the quality of
LLM-generated randomness (Karanjai et al., 2025; Coronado-Blazquez, 2025; Nath,
2025). This shows that shared history does not actually improve the randomness, even
though the LLM does a better job mimicking random distributions, and thereby hides
its flaws by using patterns. Additionally, the first token(s) showed higher levels of de-
terminism and were less affected by the prompt. This provides further insight into the
role of first-interaction prompts by showing that the higher level of determinism likely
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happens at the token level, not at the prompt level as suggested by Nath (2025).

Personas also influenced the randomness in both game modes. Experiments that
had personas with lucky numbers showed anchoring bias by generating the lucky
number much more frequently than all other experiments. However, this was only
the case when the number was relevant to the context, not when it was unrelated, as
was the case for the persona where the time was 10 o’clock. In a similar manner, the
LLM also showed status quo bias and sensitivity to jailbreak prompting. These two
personas, both focused on winning, received many more wins in isolated-spin exper-
iments, which normally had none to a few wins. However, emotion prompting, in
which the persona got angry after losing, produced fewer wins than all other personas
for full games, and the other winning-focused personas for isolated spins. Whether
this is accidental or a direct effect of a negative persona is difficult to say, but it shows
that this technique is much less effective. While some findings, such as those for an-
choring bias and jailbreaking, are consistent with prior work on the effect of prompting
in other tasks (Lou et al., 2025; Wang et al., 2025; Shen et al., 2024), others, such as those
for status quo bias (Echterhoff et al., 2024) seem unique to generated randomness.

The context also affected the generated randomness in both game modes. The ex-
periment without any context, and hence no explanation of what a “win” is, had few
wins for full games and no wins for isolated spins. On the other hand, the full-game
experiment with the context of a one-armed bandit with explicit credits got the most
wins of all experiments; this, with a strong lead. These findings for full games contra-
dict prior work that shows that role prompting improves reasoning (Kong et al., 2024),
as in this setting, role prompting does not improve reasoning for the task but rather in-
creases adherence to letting the player win, reflecting greater bias and manipulability.
Furthermore, the isolated-spin experiment without context behaved much more deter-
ministically, while the same experiment for full games performed the best in terms of
randomness across several metrics. These findings suggest that the context affects the
generated randomness, but that the effect differs between game modes.

Finally, when the LLM was asked not to be biased by the prompt, full games only
marginally changed their behavior, while isolated spins did indeed seem to ignore the
cognitive biases mentioned above. However, this only led to more deterministic results,
and hence lower-quality randomness.

In conclusion, the findings strongly imply that the randomness generated by LLMs
is biased not only by the training data but also by the prompt, even when the LLM
is explicitly asked to provide random independent numbers with equal probability.
The findings also suggest that the LLM weighs persona personalities and contextual
knowledge higher than the task itself, and that randomness can therefore be manipu-
lated through certain types of prompting. Furthermore, even though it may seem like
shared history improves randomness, this comes with its own set of problems, mainly
in terms of runs, patterns, and sequences.

This means that if an LLM were to be used to provide randomness within a sys-
tem, the randomness would not only behave more deterministically but also be influ-
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enced by the way it was prompted, down to the specific biases that may accidentally
or intentionally be added to the prompt. In a case like the one-armed bandit or other
chance-based games, this can be used to manipulate wins or specific numbers. In other
cases, such as other types of games or systems that utilize randomness, this may favor
or harm specific users. Furthermore, as the initial experiment findings showed, this be-
havior happens not only with numbers but also seems to be an issue with the random
generation of other things, such as symbols. Hence, using LLMs to generate random
outcomes should generally be avoided.

8.2 Limitations and Future Research

This thesis has several limitations, many of which are due to the scope. First, due to
the large number of controlled prompt variations for the final experiments, only the
gpt-o0ss:20b model was tested on a larger scale. Our initial experimentation with the
gpt-0ss:120b model showed the same patterns and biases, which indicates that the final
results may apply to both models, but whether these results generalize to other LLM
families remains an open question. Second, this thesis has shown that there are bi-
ases in LLM-generated randomness by showing specific biases, but there may be other
biases that have yet to be uncovered. Third, while the initial experiments showed in-
teresting findings, the size of these experiments was very small. Hence, they should be
subjected to more research to conclude anything for certain. Finally, while this thesis
tested two different interaction modes, a chat-based setup was not explored. Given
that our results and prior work (Nath, 2025) indicate a significant difference between
setups, future research could compare all three setups to better understand how inter-
action modes affect LLM-generated randomness.

These limitations are also potential areas for future research, especially since this, to
our knowledge, is still relatively unexplored. Furthermore, this thesis mainly focused
on a one-armed bandit framing, meaning that the prompts and personas had a focus
on winning. Future research could explore how other contexts affect the generated
randomness, such as the D&D context that we briefly explored during the initial exper-
iments, or different non-game-related scenarios. Future research can also test whether
setting the hyperparameters differently affects the biases that were seen in this thesis.
We briefly tested the temperature and still saw anchoring bias emerge for all tested
temperature values, consistent with prior work suggesting that temperature does not
have a large effect on generated randomness (Coronado-Blazquez, 2025; Karanjai et al.,
2025). However, other hyperparameters remain unexplored. Finally, future research
can explore how prompting affects the generation of non-uniform random distribu-
tions, as these may introduce different or additional biases compared to those observed
for uniform distributions in this thesis.
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