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Abstract

Large Language Models (LLMs) have empowered
Al agents to autonomously make decisions on behalf of
humans, exhibiting humanoid behavior. However, the
intricate dynamics driving such behavior remain largely
unknown, making it crucial to understand and guide the
behavior of these LLM agents, especially in high-stakes
decision environments.

This paper proposes a new concept of Machine
Behaviorism, unlocking the potential of LLM-based
agents by providing a systematic framework to reshape
the agent behavior By tracking these agents’ actions
under different decision environments, we identify Al
behavioral biases when delegated with high-stakes
decisions, investigate the origins of such behaviors,
and propose corrective interventions accordingly.
Specially, using a typical representational behavioral
bias commonly found in human investors, we provide
a detailed demonstration of machine behaviorism
in the financial trading environment.  Finally, we
advocate for the establishment of machine behaviorism
as an emerging discipline, as Al agents increasingly
undertake autonomous decision-making and become
more integrated into our daily lives.

Keywords: Al Agents, Large Language Models,
Machine Behaviorism, Human-like Bias

1. Introduction

With the rapid advancement of Al, intelligent agents
capable of interacting with the environment and taking
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actions autonomously have been widely deployed to
assist or replace humans in real-world tasks. This
echoes Wooldridge’s vision that Al is the subfield of
computer science which aims to construct agents that
exhibit aspects of intelligent behavior (Wooldridge &
Jennings, [1995). The advent of Large Language Models
(LLMs) has further brought new opportunities to Al
agents and opened the era of LLM-based agents for
decision-making. LLM-based agents are capable of
effectively interacting with humans through natural
language, exhibiting promise in knowledge acquisition,
instruction comprehension, generalization, planning,
learning, and reasoning (Birhane et al., |2023). These
capabilities position LLM-based agents as a pivotal step
toward achieving Artificial General Intelligence (AGIﬂ
(Goertzel & Pennachin, [2007)).

As an increasing number of LLM-based agents are
being deployed, the need to explore their human-like
decision-making behavior grows(Xi et al.,|[2023)). Prior
studies mainly adopted psychology-based methods to
study agent behavior: they attempted to capture agents’
psychological traits using self-reported instruments. By
analyzing the correlation between prompts (inputs) and
prompt completions (outputs), these psychology-based
methods can help reveal agents’ internal dimensions
including psychology, personality, value, and emotion.

However, as indicated by these studies, LLM agents
may not merely mimic human behavior: they exhibit
behaviors of their own that transcend human behavior
and the statements made by these agents may not
align with their actual actions due to hallucination
(Miindler et al., 2023). For example, an LLM might
confidently state a fact about a non-existent historical
event or provide a detailed explanation for a scientific

2In the next few years, they (LLM agents) will utterly change how
we live our lives, online and off. —- Bill Gates
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concept that is entirely fabricated. This necessitates a
new behaviorism approach that goes beyond the extant
human-centric psychological approaches.

In what follows, we propose a systematic framework
to study LLM-based agent behavior. We call the new
framework Machine Behaviorism, centering around
studying observable behavior exhibited by LLM-based
agents in interactive decision environments. Note
that although Machine Behaviorism and traditional
human-oriented Behaviorism (Graham, [2000) both
adhere to positivism, they are fundamentally different
in terms of research subjects, methodologies, and
objectives. Traditional Behaviorism focuses on humans
as the primary subjects, relying on stimulus-response
associations and conditioning techniques to promote
personal and societal development. The key tenet of
human behaviorism is the trainability of human subjects
upon conditioning. In contrast, Machine Behaviorism
takes LLM-based agents as the research subjects,
emphasizing the intervention of agents’ observable
behavior, aiming to improve their performance across
diverse application domains to better meet human
desires. By design, today’s LLM-based agents are
pre-trained. As such, re-training by conditioning is not
applicable to such agents.

Extended from human-oriented Behaviorism,
we propose our framework that consists of three
key components for studying machine behaviorism:
observation, hypothesis formulation, and intervention,
which are elaborated below.

Observation. Agent behavior is stimulated by input
prompts and materializes as output expressions or
actions. = When LLM-based agents are delegated
to take actions autonomously, we can monitor their
decisions and outcomes. Machine Behaviorism focuses
on discernible behaviors exhibited by LLM-based
agents across various interactive environments, such
as text-based responses, character control in simulated
environments, and role-playing in physical settings. The
behavior displayed by agents can be quantified using
established behavioral metrics (see Section[3)).

Hypothesis Formulation. Upon observing the
specific behavior of LLM-based agents, we explore
potential causes of their exhibited actions by
formulating hypothesis from two central dimensions
surrounding decision-making: the decision-making
environment and the decision-makers themselves.
Specifically, we characterize the behaviors of
LLM-based agents drawing on established theories
from human behaviorism and artificial intelligence,
and formulate hypotheses to explain these different

behaviors. By exploring these hypotheses, we seek to
understand what underlying factors may impact the
agent behavior, laying the groundwork for subsequent
behavior intervention (refer to Section @ and hypothesis
framework in Table [2).

Intervention. The intervention builds on the insights
derived from the hypothesis formulation stage,
factoring in the decision-making environment and
the decision-maker. It employs strategies to change
the decision-making environment or stimulate the
decision-maker to elicit desired responses. The efficacy
of these interventions is observed and evaluated for
further refinement. The primary goal of intervention is
to align agent decisions with human preferences.

In this paper, we aim to introduce the notion of
Machine Behaviorism and its research framework by
illustrating its application in addressing a representative
bias in finance: the Disposition Effect in stock trading.
The disposition effect is a behavioral phenomenon
widely observed in human investors, describing the
tendency of investors to hold onto losing investments
for too long and sell winning investments too quickly.
Investors who exhibit such bias may hold onto poorly
performing assets, wrongly hoping for a rebound, while
hastily disposing of assets that have generated positive
returns, resulting in sub-optimal portfolio performance.

We chose this case to demonstrate Machine
Behaviorism for the following considerations: On the
one hand, finance is a data-intensive field that always
benefits from new technologies rapidly, where a broad
range of agents have been deployed. On the other hand,
the behavioral bias in human investment represents
a classic research question in traditional behavioral
science.

2. Methods Design
2.1. TIllustration of Machine Behaviorism

We illustrate the use of Machine Behaviorism
by applying it to address the disposition effect bias
that may arise when using LLM for stock trading.
Fig. illustrates the procedure taken as specified
in our framework. First, in the observation phase,
we explore whether LLM-based agents exhibit a
human-like disposition effect. Second, in the hypothesis
formulation phase, we propose hypotheses to identify
the possible underlying mechanisms driving agent
behavior. Last, in the intervention phase, we devise
intervention strategies to mitigate the disposition effect
and conduct experiments to investigate the resultant
performance. For brevity, we abbreviate LLM-based
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Figure 1. The case of Disposition Effect under Machine Behaviorism Framework. 1) Observation of trading
decisions and their financial outcomes, 2) Hypothesis formulation to identify potential factors in decision-making
environments and decision-makers dimensions that may impact the agent behavior, and 3) Intervention strategies

tailored to both decision-making environments and decision-makers.

agents as agents in the following content.
2.2. Simulate Stock Trading for LLM Agents

To study the disposition effect in stock trading, we
created an interactive trading system for LLM-based
agents using real stock trading data summarized in the
K-line format (which consists of the opening price,
highest price, lowest price, and closing price), along
with records of the agent’s previous decisions. To
avoid interference from factor coupling, stocks are
anonymized, and no additional information is provided
to prevent LLM agents from recognizing the stocks from
its memorized training data (Binz & Schulz, [2023).

In the default configuration, we employed GPT-3.5
as the foundation LLMs for our investment agents in the
experiment and tracked these agents’ decision-making
behaviors. We divide the historical price data of each
stock into monthly intervals and present agents with
the historical K-line data of each stock over the last 10
trading cycles (months) (Rau, 2015) before launching
the trading system. We endow each LLM-based agent
with an initial $1,000,000 (virtual) asset and ask them to
make buy/sell/hold decisions for the given stock during
each trading cycle.

The LLM agents made decisions for subsequent
rounds based on historical candlestick charts and their
own decision records, which included changes in cash,
number of holdings, and position. It is worth noting
that in our experimental framework, the value of holding

stocks is determined by the closing price of the cycle
while buying and selling of stocks occur at the opening
of each trading cycle.

To construct the stock trading environment, we
focused on a timing and position strategy for a group
of given stocks, i.e.e, whether to buy/sell/hold a stock at
a point of time and if yes, how much to buy/sell/hold.
Our position strategy uses 20% of available cash for
each purchase and sells 20% of held stocks for each
sale. This simplification helps us to causally decouple
the disposition effect in LLM decision-making.

3. Observation

3.1. Experiment Design

In this phase, we first characterize the observed agent
behavior and examine whether Al agents exhibit the
disposition effect in stock trading. We use the following
formula to measure the disposition effect (Odean, [1998)
(DE;) for an investor i:

Nigr Nigr
PGR; = — 9" PLR; = 1
Nigr+Nigp Nzlr+Nzlp ( )
DE; = PGR; — PLR; )

where N4, (the number of realized gains) and N,
(the number of realized losses) represent the number of
stocks sold at a gain or loss, respectively. N;g, (the
number of potential gains) and Ny, (the number of
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potential losses) represent the number of stocks agents
hold with an increase or decrease in price. PGR; (the
proportion of realized gains) and PLR; (the proportion
of realized losses) are the ratios of realized and potential
gains and losses to the total potential gains and losses. A
positive value of D E; indicates that a smaller proportion
of losers is sold compared with the proportion of
winners sold, indicating the disposition effect.

We carried out multi-dimensional measurements by
observing the investment behavior of agents on stocks
from two different countries in different years. To
simplify data processing, we selected SP100 (top 100
stocks of the SP500 index in the U.S.) and CSI100
(top 100 stocks listed in the CSI300 index in China in
terms of market value) from 2014-2023. We employ
GPT-3.5 as our agents and ask them to make investment
decisions (i.e., whether to buy/sell/hold a stock at the
end of each month). For brevity of presentation, we
group observations by every two years.

3.2. Results

We summarize the observation results in Table [I]
where we report the proportion of stocks identified
with disposition effects (Per.), along with the mean
value of exhibited disposition effects (DE), the t-tests
(t-Sts), standard error (SE) and p-value (p-Value), and
the overall investment return (Return) within each
2-year period. From Table [I] we draw the following
observations:

Disposition Effects : Agents in both the Chinese and
U.S. markets demonstrate significant disposition effects,
with all p-values below 0.001. This indicates that these
agents, like human investors, exhibit a tendency to hold
onto losing investment positions and sell winning ones,
leading to suboptimal investment performance.

Trading Environment The proportions of stocks
exhibiting disposition effects vary significantly across
markets. In the Chinese market, the proportion ranges
from 27.27% to 49.35% across different years, while in
the US market, it is substantially lower, ranging from
9.30% to 20.93%. This suggests that the behavioral
patterns of agents may be associated with the external
environment.

Summary: We present how Machine Behaviorism
quantifies agent behavior in an investment application.
Our experiments examined the behavior of LLM-based
agents and discovered that behavioral biases observed
in humans such as the disposition effect also manifest in
agents. The observation phase of Machine Behaviorism
offers guidance on measuring agent behavior and serves

as a starting point for subsequent hypotheses and
interventions.

Table 1. The observed results of agent behavior on
disposition effect.

Country | Years Per. DE t-Sts SE | p-Value | Return

USA 14-15 | 11.63% | 0.324 | 8.428 | 0.038 | <0.001 | 0.03%
USA 16-17 | 12.79% | 0.445 | 12.549 | 0.035 | <0.001 | 0.44%
USA 18-19 | 10.47% | 0.465 | 5.434 | 0.086 | <0.001 | 0.18%
USA 20-21 | 20.93% | 0.431 | 9.071 | 0.048 | <0.001 | 2.00%
USA 22-23 | 9.30% | 0493 | 6.717 | 0.073 | <0.001 | 0.16%

China | 14-15 | 32.47% | 0.344 | 10.082 | 0.034 | <0.001 | 10.19%
China | 16-17 | 33.77% | 0.346 | 9.201 | 0.038 | <0.001 | 7.85%
China | 18-19 | 27.27% | 0.270 | 9.133 | 0.030 | <0.001 | 9.66%
China | 20-21 | 49.35% | 0.353 | 10.712 | 0.033 | <0.001 | 2.76%
China | 22-23 | 37.66% | 0.414 | 11.832 | 0.035 | <0.001 | 1.64%

4. Hypothesis Formulation

In the observation phase, we revealed that LLM
agents exhibited disposition effects when making stock
trading decisions. To mitigate these biases, we probe the
potential factors that may influence agent behavior and
develop hypotheses accordingly.

We draw on the classic behaviorism-related
paradigm, which involves understanding and regulating
behavior by analyzing the interaction between the
decision-making environment and the decision-makers
themselves (Skinner, [1965). An overview of the
potential factors that impact agent behavior is provided
in Table 2] illustrating how machine behaviorism
inherits elements from traditional behaviorism
with respect to decision-making environments and
decision-makers. For the decision-making environment
dimension in Machine Behaviorism, we incorporate
three generic and all-encompassing sub-dimensions
frequently used to interpret agent behavior: social,
psychological, and contextual dimensions, as shown in
Table[2]

Specifically, we hypothesize on the common factors
that may trigger the disposition effect in our case within
these dimensions, such as the spotlight effectE]in social
settings, the reference pointE]in psychological analysis,
and domain knowledge in contextual evaluation. It
is important to note that the specific cases may vary
when applying this framework to other scenarios. As
demonstrated in the Cases column of Table 2] we
enumerate additional cases under each specific factor,
emphasizing our framework’s adaptability.

3The spotlight effect is a phenomenon where individuals
overestimate how much others notice their actions and appearance,
leading to increased self-consciousness and altered behavior in social
settings.

4The reference point is a baseline used to compare outcomes and
make decisions, central to prospect theory’s explanation of how people
evaluate gains and losses.
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Table 2. Factors potentially influencing LLM agent behavior across social, psychological, and contextual
dimensions, inheriting traditional behavioral paradigms applicable to humans and agents, while prompting
strategies and agent intelligence pertain exclusively to agents.

Dimensions Factors Description Cases
LLMs integrate complex human social
behaviors from training data, enabling Spotlight Effect (Tetlock, |1983),
Social human-like social intelligence and Group Dynamics (Myers & Twenge,
Factors environmentally aware responses. This reflect | [2019)), Social Support (Cohen &
learned social behaviors and enhance Wills, |1985)), etc.
participation in decision-making.
LLM.s'mcorporz.lte human CH"lOthI.la'l and Reference point (Meng, 2010),
. cognitive behaviors from their training data.
Psychological This enables them to mimic psychological Prospect theory (FHens & Vicek,
Decision-Making Factors .. psy g ) 2011), Loss aversion (Rau, 2014),
. processes, resulting in responses that mirror
Environments . . etc.
human decision-making patterns.
LLMs merge various domain-specific Domain knowledge (Arnold et al.,
. .. 2000), Context Resources (Shepherd
Contextual | knowledge and resources from their training .
h & Rudd, 2014}, Environmental
Factors data. This enables them to understand and
; ) . Stressors (Lazarus & Folkman,
adapt to various situational contexts.
1984), etc.
Advanf:ed prorr}ptlng strategies enhaqce In-context Learning (ICL) (Brown
LLMs’ processing of complex scenarios by .
Promptin mimicking human reasoning and logicall et al., [2U20), Chain of Thought
pung ine g anc logically (CoT) (Wei et al.,[2022), System 2
Strategy structuring responses. These techniques not . .
only improve accuracy and depth but reduce Attention Prompting (Weston &
1Y TIprove accutacy anc aep Sukhbaatar, 2023), etc.
. biases by guiding cognitive processes.
Decision-Maker LLMs, with large-scale data and parameters
S & nap > | LLM Scale (Touvron et al.,[2023),
achieve human-like emergencies. By . . .
Agent . .. . Supervised Fine-tuning (SFT)
i emulating cognition such as perception and .
Intelligence . . . . (S. Zhang et al.,[2023)), Perception
planning, they integrate various paradigms to
. T . (Z. Zhang et al.,2024)), etc.
effectively operate in diverse environments.

Factors related to the decision-maker, traditional
behavioral studies have predominantly focused on
human-centric ones such as physical perception,
neurobiology, genetic evolution, and developmental
progression. These factors are applicable to humans
but not to agents, as the latter are machines. To
expand this perspective to cover LLM-based agents,
we integrate their distinct characteristics and technical
capabilities, as is shown at the bottom half of Table
[2l Accordingly, we pinpoint two additional dimensions
specific to agents: prompting strategies (Sahoo et al.,
2024])) and agent intelligence (Y. Li et al.,|2024)).

Some behavioral factors can be hypothesized from
more than one aspect. For instance, while the spotlight
effect is primarily a social-level factor, it is also shaped
by psychological aspects and environmental context
Advanced AGI also has more social knowledge and, as

SNote that the factors concerning human-like decision-making
environments and decision-makers are multifaceted, encompassing
various complementary and partially overlapping aspects, which are
not easily summarized within a single unified perspective.

a result, can demonstrate more social behavior, so the
net effect is ambiguous. Below, we elaborate on these
factors and provide respective theoretical explanations
for the hypotheses.

4.1. Social Factors

H1: The spotlight effect influences LLM agent
behavior by increasing self-monitoring and adherence
to social norms in high-visibility scenarios, potentially
mitigating the disposition effect.

In human research, the spotlight effect posits that
individuals often alter their behaviors when they believe
these actions are observable to the public. For instance,
Tetlock’s theory in social psychology suggests that the
anticipation of public or authoritative scrutiny compels
individuals to intensify their self-monitoring and
evaluation efforts, enhancing vigilance and adherence
to social norms (Tetlock, [1983). This approach can
potentially be applied to mitigate the disposition effect:
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the awareness of one’s investment decisions under
observation can lead to more cautious behaviors and
efforts to curb losses.

While traditional research on the spotlight effect has
focused on humans, our study examines its relevance
to LLM agents. Agents’ disposition effect can be
derived from LLMs integrating complex human social
behaviors from their training data, enabling them to
respond intelligently to social cues. For instance,
the GPT-3 model exhibits awareness of audience
reactions during text generation, while the GPT-3.5
model, upgraded through Reinforcement Learning with
Human Feedback (RLHF), is more sensitive to social
evaluations and can adjust accordingly (Zheng et al.,
2023).  Thus, LLM-based agents may explicitly
demonstrate human behaviors in high visibility or social
sensitivity scenarios, where the spotlight effect may take
effect.

4.2. Psychological Factors

H2: Adjusting the psychological reference points
in LLMs will influence their investment decisions
similarly to human investors, potentially mitigating the
disposition effect.

This factor is intimately linked to psychological
cognition in studying humans, where adjustments to
the psychological reference point are shown to be
beneficial in investment scenarios, e.g., comparing
performance to initial costs or a benchmark index
before making the trading decisions (Meng & Weng,
2018). These adjustments enable investors to reassess
their investments more objectively, thus mitigating the
irrational decisions driven by the disposition effect.

Since the LLM training data reflect a range
of human emotional and cognitive behaviors,
LLMs manifest human-like psychological traits,
demonstrating behavioral patterns similar to human
emotion and psychology (Hagendorff, 2023). Given
these psychological traits, the specific behaviors of
agents in our study may also be influenced by adjusting
the reference points.

4.3. Contextual Factors

H3:  Providing LLMs with external domain
knowledge and expert analysis will enhance their
decision-making quality in high-risk investment
environments.

In stock markets, seasoned investors possess
extensive financial expertise and exhibit a strong grasp
of market dynamics, enabling them to make more
rational investment decisions (H. Zhang & Fishbach,
2014). Recognizing this underlying factor, less

experienced investors often turn to external knowledge
and seek expert guidance (e.g., financial advising) to
offset their decision-making deficiencies (Gilson &
Kraakman, [1991).

LLMs excel at integrating general knowledge from
their training data, allowing them to adapt to diverse
environments effectively. However, they may lack
the specialized domain knowledge needed for areas
like stock investment. Providing agents with external
domain knowledge and expert analysis may significantly
enhance their decision-making quality in high-risk
environments.

4.4. Prompting Strategy

H4: Modifying the prompting strategy in LLMs to
incorporate analytical thinking will reduce biases and
improve decision-making quality.

As a unique technique specific to LLMs, prompting
strategy plays a crucial role in shaping LLM behavior.
Human studies have shown that diverse thinking
patterns can lead individuals to make different decisions.
For instance, the mainstream promoting strategies such
as Zero shot promotion (ZERO), In context learning
(ICL) and chain of thought promotion (CoT) are
designed with reference to different human thinking
patterns Besta et al., 2024,  Building upon this
foundation, we contend that modifying the prompting
strategy can elicit varied reasoning from agents, thereby
influencing their behavior.

Research has highlighted that individuals with
a propensity for using intuition often demonstrate
behaviors as prescribed by prospect theory behavior
Chen et al., 2007, compared with those relying on
analytical thinking. In contrast to the default Zero-shot
prompting that is based on intuitive thinking, ICL and
CoT mirror the analytical thinking of humans and may
thus lead to different agents’ decision-making processes.
By reducing reliance on potentially skewed pre-trained
data, analytical prompting strategies such as ICL and
COT may foster more objective and well-reasoned
outputs, thus mitigating the disposition effect bias.

4.5. Agent Intelligence

HS: Increasing the intelligence level of LLM-based
agents may result in more rational behavior and reduced
biases.

The intelligence level of LLM-based agents
significantly impacts their decision-making behaviors,
a crucial aspect of Machine Behaviorism. Shaped by
foundational attributes, knowledge scope, and external
supports like memory and tools, agents possess various
capabilities and thus exhibit different behaviors Y. Li
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et al., 2024,

Specifically, the comparative size and specialization
level of agent foundations can be influential. For
example, with a larger parameter size and a more
advanced knowledge base, agents based on GPT-4
may exhibit more rational behavior and fewer biases
compared to those based on GPT-3.5 J. Li et al,
2024, Besides, specialized agents whose foundation
models are fine-tuned with practical human trading
experiences also perform better in financial contexts
Yang et al., 2023 In sectors that demand nuanced
judgment and sophisticated analytical skills, it is vital to
enhance agents’ decision-making prowess and expand
their knowledge base.

Summary: We demonstrated how Machine
Behaviorism formulates hypotheses to gain a better
understanding of agent behaviors from both the
decision-making environment and the decision-makers
themselves. Specifically, traditional behavioral research
methods have been adapted to formulate hypotheses
about behaviors within decision environments,
encompassing social, psychological, and contextual
factors. Meanwhile, the attributes of decision-makers
(LLM-based agents) incorporate prompt strategy and
agent intelligence derived from LLM studies. We
outline five factors contributing to biases from both
dimensions, establishing a framework that connects
traditional behavioral research on decision-making
environments with LLM studies on decision-makers.
This framework can be used to assess and mitigate
observed decision biases, laying the groundwork for
intervening in agent behavior in later stages.

5. Intervention

In this phase, we showcase how Machine
Behaviorism intervenes in agent behavior by changing
factors related to the decision-making environment or
the decision-makers. We crafted five tailored strategies
to alter agent behavior and mitigate the disposition
effect bias, leveraging the hypothesized factors. Each
strategy corresponds to one of the hypothesized
factors previously mentioned. Below, we elaborate
on the logic behind each intervention strategy and the
implementation techniques. The effects of the five
intervention strategies are reported in Table [3] The
results across different periods are qualitatively similar.
For brevity, we opt to present the results for the 2022 to
2023 period of data. In addition to the monthly-level
analysis, we conducted a more detailed weekly-level
analysis for the year 2022-2023 and reported these
results in this subsection, which show consistent
monthly and weekly results.

5.1. Social Factors

The social intervention strategy employs prompt
engineering techniques to modify the identity of agents
by leveraging the spotlight effect in agents. This
strategy is based on social identity theory (Hogg,|2016),
which asserts that an individual’s self-identity and social
identity influence their decisions.

When assigned with the identity of being an
investment expert, the agents become more aware of
their social status and reputation within the investment
community.  Specifically, our prompts portray the
identity of agents as financial analysts serving a
randomized number of clients between 10,000 and
100,000. This prompt informs the agents that
these investors are observing their decisions and are
influenced by their investment strategy. By simulating
the scenario where their decisions are being observed
and potentially adopted by other investors, we create
an environment of social scrutiny for agents. This
heightened awareness can lead agents to change their
investment behaviors, resulting in more cautious and
rational decisions. Compared to agents without such a
prompt, these intervened agents exhibited a significant
reduction in the disposition effect, with the proportion
falling by 40% (p<0.001), and 54.01% (p<0.001) on
average, in the US and Chinese markets respectively.

5.2. Psychological Factors

The psychological intervention strategy in our study
aims to impact agents’ behavior by changing agents’
perception of gains and losses. Grounded in the
anchoring effect from psychology (Furnham & Boo,
2011)), this strategy resets the psychological reference
point of individuals during the decision-making process,
where individuals may rely heavily on the first piece of
information they receive (the anchor).

In our setting, we ensure that our agents receive
explicit information about the original purchase price
of their held positions through prompts. By reminding
them of their purchase price, they maintain awareness of
this reference point and compare it to the current stock
price, thus avoiding excessive influence from short-term
gains or losses. This intentional shift in psychological
reference points allows them to develop a more
accurate cognition of their investment performance,
potentially reducing the likelihood of falling prey to
the disposition effect. We observed that the shift
in agents’ psychological cognition indeed resulted in
a change in their behavior: the disposition effect
significantly decreased, with the proportion falling by
77.14% (p<0.05) and 82.00% (p<0.005), respectively,
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Table 3. The results of intervening agent behavior on disposition effect.

Country Intervention & Case Per. Magnitude | DE t-Sts SE p-Value | Return
Without Intervention - 35.35% - 0.164 | 7.644 | 0.021 | <0.001 | 2.03%

Social Factors Spotlight Effect 21.21% 40.00% 0.154 | 4.239 | 0.036 | <0.001 | 5.01%
Psychological Factors Reference Point 8.08% 77.14% 0.045 | 2.801 | 0.016 | <0.05 | -1.24%

USA Contextual Factors Domain Knowledge 10.10% 71.43% 0.087 | 4.168 | 0.021 | <0.005 | 0.26%
Prompting Strategy In-context Learning (ICL) 13.52% 55.94% 0.137 | 3.271 | 0.049 | <0.001 | 2.18%

Chain of Thought (CoT) 11.11% 68.57% 0.254 | 2955 | 0.086 | <0.05 | 4.73%

Agent Intelligence GPT-4 Scale 34.34% 2.86% 0.179 | 8.646 | 0.021 | <0.001 | -1.59%

Supervised Fine-tuning (SFT) | 12.52% 64.45% 0.126 | 4432 | 0.019 | <0.001 | 3.12%

Without Intervention - 51.55% - 0.205 | 6.804 | 0.030 | <0.001 | 1.81%

Social Factors Spotlight Effect 23.71% 54.01% 0.349 | 7.027 | 0.050 | <0.001 | 0.03%
Psychological Factors Reference Point 9.28% 82.00% 0.148 | 4.215 | 0.035 | <0.005 | -1.17%

China Contextual Factors Domain Knowledge 8.25% 84.00% 0.128 | 2.877 | 0.045 | <0.05 | 0.94%
Prompting Strategy In-context Learning (ICL) 10.92% 64.84% 0.253 | 3.891 | 0.046 | <0.001 | 2.07%

Chain of Thought (CoT) 11.34% 78.00% 0.231 | 4.679 | 0.049 | <0.001 | 1.13%

Agent Intelligence GPT-4 Scale 53.61% -4.00% 0.275 | 10.684 | 0.026 | <0.001 | 0.64%

Supervised Fine-tuning (SFT) | 7.92% 72.73% 0.131 | 6.805 | 0.019 | <0.001 | 1.58%

in the US and Chinese markets. We also found the
changes in psychological cognition led to a significant
increase in selling actions by agents, especially for the
losing stocks. Further, as the difference between the
current price and the anchor point became larger, agents
were less prone to the disposition effect.

5.3. Contextual Factors

For contextual-based intervention, we introduce
a domain-knowledge-enhanced strategy to fine tune
agent behavior. This is achieved by instilling general
investment knowledge and customized investment
recommendations of a specific stock into their decision
process. Specially, we use RAG (Retrieval-Augmented
Generation) technology (Lewis et al., 2020) to gather
static and general trading knowledge for fundamental
analysis, i.e., stock background knowledge, trading
skills, and practical experience from external websites.
Next, an Al assistant specialized in analyzing current
K-lines is deployed, where technical analysis and
recommendations on specific stocks are provided as
contextual information. Finally, the trading knowledge
and expert recommendations are both structured as
prompt-format input for our investment agents. The
results show that enriching contextual resources enables
agents to make more rational decisions, with the
proportion of decisions subject to disposition effect
falling by 71.43% (p<0.005) and 84.00% (p<0.05) in
the US and Chinese markets, respectively.

5.4. Prompting Strategy

We implemented the In-Context Learning (ICL)
and Chain of Thought (CoT) prompting methods
as our prompt-strategy interventions, aiming to steer
agents toward more rational behavior. These
strategies draw from cognitive psychology that classifies

reasoning processes into System 1 and System
2 Thinking. The former involves intuitive and
spontaneous decision-making, while the latter entails
deeper analytical reasoning. ICL and CoT are designed
to steer LLM toward System 2 Thinking, while the
Zero-shot prompting resemble System 1 Thinking.
Analytical prompts are expected to reduce biases
and improve decision-making accuracy by mimicking
human cognitive processes.

When prompting, ICL involves providing contextual
examples within the prompt, while CoT guides the
agent’s reasoning process step-by-step. The results
showed that ICL and CoT prompts led to significant
decrease in the disposition effect. For ICL, the decreases
were 55.94% (p<0.001) and 64.84% (p<0.001),
respectively, in the US and Chinese markets. For
CoT, the decreases were 68.57% (p<0.05) and 78.00%
(p<0.001) respectively. Compared to intuitive thinking,
when agents’ analytical thinking is triggered by ICL or
COT prompts, their behavior DE undergoes changes,
which reflect the transition from System I Thinking
to System 2 Thinking, leading to more rational and
deliberate investment decisions.

5.5. Agent Intelligence

In our experiment on agent intelligence, we
implemented an intervention focusing on improving
agent intelligence by equipping them with different
LLMs known to vary in intelligence levels. We
use GPT-3.5 as the baseline and then vary the
intelligence level using two approaches: a direct
comparison with GPT-4 (known to have much larger
parameter sizes) and an enhanced GPT-3.5 using
Supervised Fine-Tuning (SFT). Higher intelligence
levels are expected to improve agents’ decision-making
abilities and knowledge base, effectively reducing
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the Disposition Effect. = The results indicate that,
for SFT-enhanced GPT-3.5, the disposition effect
decreased significantly by 64.45% (p<0.001) and
72.73% (p<0.001), respectively, in the US and Chinese
markets. SFT aligns agents’ responses more closely
with actual human trading behavior. However,
surprisingly, we did not observe a reduction in
behavioral bias from using GPT-4. This suggests that
interventions aimed at increasing the analytical and
social intelligence of agents do not necessarily lead to
a decrease in the proportion of stocks exhibiting the
disposition effect.

The performance revealed that GPT-3.5 agents

consistently generated positive returns in both the
US and Chinese stock markets, while GPT-4 agents
occasionally experienced negative returns. This
challenges the belief that more intelligent agents
always yield higher returns. The underperformance
of GPT-4 agents may stem from their increased social
intelligence, which causes them to mimic common
investors’ limitations more closely. Therefore, it is
crucial to understand and manage agent behaviors
rather than simply opting for more intelligent agents.
This underscores the importance of studying machine
behaviorism.
Summary: We have demonstrated how to leverage
prior behavioral research and Al research to design
proper interventions. By leveraging social factors,
psychological factors, context factors, prompting
strategy, and agent intelligence, we are able to regulate
agent behavior towards the desired outcomes, i.e.,
reducing the disposition effect among agents in our
research context.

6. Conclusion

This paper introduces Machine Behaviorism to
systematically analyze and refine the behaviors of
LLM-based agents. By observing their actions in
various decision environments, we identify sub-optimal
behaviors influenced by human biases, explore
their origins, and propose corrective interventions.
Our framework aims to unlock the full potential
of LLM-based agents and advocates for Machine
Behaviorism as a new discipline, especially as Al
agents become more integrated into daily life.

While this paper presents an illustrative case of
the Disposition Effect as an example of machine
behavioral research, other domains such as finance,
management, and education can adopt this framework
to investigate their specific challenges. = Machine
Behaviorism extends the boundaries of human society
and provides a foundation for the forthcoming era

of AGI. We encourage other research communities to
utilize our Machine Behaviorism framework to advance
the development and application of Al agents across
various fields.
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