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 A B S T R A C T

We study the effect of overconfidence on price dynamics in a Brock–Hommes asset pricing model. Overconfi-
dence is modeled as a misperception of risk affecting trend-following traders. We show that this mechanism 
shrinks the stability region of the fundamental equilibrium and induces endogenous oscillations. A bifurcation 
analysis and stochastic simulations illustrate how overconfidence amplifies volatility and mispricing.
1. Introduction

Behavioral finance emphasizes that investors systematically mis-
perceive risk and information. Among the most robustly documented 
behavioral biases, overconfidence – often interpreted as an underesti-
mation of risk or an overestimation of signal precision – plays a central 
role in explaining excessive trading, volatility, and persistent deviations 
from fundamental values (Daniel et al., 1998; Barberis et al., 1998; 
Odean, 1998).

At the same time, heterogeneous agent models have shown that 
market instability can arise endogenously from the interaction of simple 
forecasting rules and evolutionary selection. Within this literature, the 
Brock–Hommes asset pricing framework provides a canonical setting 
in which destabilizing dynamics are typically associated with trend-
following behavior, while fundamentalist traders exert a stabilizing 
force (Brock and Hommes, 1998; Hommes, 2006).

Several extensions of heterogeneous agent models have documented 
how nonlinear price dynamics, endogenous cycles, and complex fluc-
tuations can emerge even in the absence of large exogenous shocks
(Gaunersdorfer and Hommes, 2007; Chiarella et al., 2009). Related 
mechanisms have recently been studied in short contributions pub-
lished highlighting the continued relevance of parsimonious nonlinear 
asset pricing models (Schmitt and Westerhoff, 2019). Related mech-
anisms of endogenous market instability have also been studied in 
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noise-trader models and interacting-agent frameworks (De Long et al., 
1990; Lux, 1998).

Unlike earlier behavioral asset pricing models that study overcon-
fidence through biased signals or noise trading (e.g., De Long et al., 
1990; Daniel et al., 1998; Hong and Stein, 1999; Barberis et al., 1998; 
Odean, 1998), this paper isolates risk misperception within a Brock-
Hommes heterogeneous-agent framework and examines how it affects 
local stability and bifurcation properties.

In this paper, we study the destabilizing role of overconfidence 
within a Brock–Hommes asset pricing model. Overconfidence is in-
troduced in a parsimonious way as a miscalibration of perceived risk 
affecting trend-following traders only, while fundamentalists are as-
sumed to correctly assess risk. This asymmetric specification allows 
us to isolate the impact of overconfidence on the endogenous inter-
action between stabilizing and destabilizing trading strategies. To our 
knowledge, this paper provides one of the first analyses that isolates 
the destabilizing role of overconfidence as a miscalibration of perceived 
risk within the Brock-Hommes framework.

Our main result is that overconfidence shrinks the stability re-
gion of the fundamental equilibrium. For parameter values under 
which the benchmark economy converges to a steady state, sufficiently 
strong overconfidence induces persistent endogenous oscillations and,
eventually, highly unstable price dynamics. The loss of stability is char-
acterized analytically through a local stability condition and illustrated 
numerically by a bifurcation analysis.
https://doi.org/10.1016/j.econlet.2026.112955
Received 23 February 2026; Received in revised form 18 March 2026; Accepted 21
vailable online 23 March 2026 
165-1765/© 2026 The Author. Published by Elsevier B.V. This is an open access art
 March 2026

icle under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://www.elsevier.com/locate/ecolet
https://www.elsevier.com/locate/ecolet
https://orcid.org/0000-0002-7299-5524
mailto:fabio.tramontana@uniurb.it
https://doi.org/10.1016/j.econlet.2026.112955
https://doi.org/10.1016/j.econlet.2026.112955
http://creativecommons.org/licenses/by/4.0/


F. Tramontana Economics Letters 264 (2026) 112955 
The contribution of the paper is deliberately parsimonious. By 
modifying only traders’ perceived risk while keeping expectations, 
preferences, and the evolutionary selection mechanism unchanged, 
we identify a simple amplification channel through which a widely 
documented behavioral bias can destabilize asset prices.

2. Model

We consider a discrete-time asset pricing model with one risk-free 
asset yielding a gross return 𝑅 > 1 and one risky asset with ex-dividend 
price 𝑝𝑡 and constant dividend 𝑑. The risky asset is supplied in a fixed 
net amount 𝑆.

2.1. Excess payoff and traders’ demand

The excess payoff from holding one unit of the risky asset from 
period 𝑡 to 𝑡 + 1 is defined as 
𝜌𝑡+1 = 𝑝𝑡+1 + 𝑑 − 𝑅𝑝𝑡, (1)

which we refer to as the excess payoff (or excess return in levels).
Traders choose their position 𝑧ℎ,𝑡 in the risky asset by maximizing 

mean–variance utility, yielding 

𝑧ℎ,𝑡 =
𝐸ℎ,𝑡(𝜌𝑡+1)

𝑎 𝜎2ℎ
, 𝑎 > 0. (2)

2.2. Expectations

Fundamentalists base expectations on a constant fundamental price 
𝑝∗, 
𝐸𝐹 ,𝑡(𝜌𝑡+1) = 𝑝∗ + 𝑑 − 𝑅𝑝𝑡. (3)

Chartists extrapolate recent price trends, 
𝐸𝐶,𝑡(𝜌𝑡+1) = 𝑑 + (1 + 𝑏 − 𝑅)𝑝𝑡 − 𝑏𝑝𝑡−1, (4)

where 𝑏 > 0 measures trend-following intensity.

2.3. Overconfidence

Overconfidence is modeled as a miscalibration of perceived risk 
affecting chartists only: 
𝜎2𝐹 = 𝜎2, 𝜎2𝐶 = 𝜅 𝜎2, 0 < 𝜅 ≤ 1. (5)

Lower values of 𝜅 correspond to stronger overconfidence. In the mean–
variance demand framework, this specification implies that chartists 
take more aggressive positions when 𝜅 decreases, since their demand 
is inversely proportional to perceived risk.

2.4. Market clearing

Let 𝑛ℎ,𝑡 denote the fraction of traders of type ℎ at time 𝑡, with 
𝑛𝐹 ,𝑡 + 𝑛𝐶,𝑡 = 1. Market clearing requires 

𝑛𝐹 ,𝑡𝑧𝐹 ,𝑡 + 𝑛𝐶,𝑡𝑧𝐶,𝑡 = 𝑆, (6)

where 𝑆 denotes the fixed net supply of the risky asset. Substituting 
the demand functions into the market-clearing condition yields a linear 
equation in the current price, 
𝐴𝑡 𝑝𝑡 + 𝐵𝑡 = 𝑎𝜎2𝑆, (7)

where

𝐴𝑡 ≡ −(1 − 𝑛𝐶,𝑡)𝑅 +
𝑛𝐶,𝑡

𝜅
(1 + 𝑏 − 𝑅), (8)

𝐵𝑡 ≡ (1 − 𝑛𝐶,𝑡) (𝑝∗ + 𝑑) +
𝑛𝐶,𝑡

𝜅
(𝑑 − 𝑏𝑝𝑡−1). (9)

Therefore, provided that 𝐴𝑡 ≠ 0, the market-clearing price is uniquely 
determined as 

𝑝𝑡 =
𝑎𝜎2𝑆 − 𝐵𝑡 . (10)
𝐴𝑡

2 
Fig. 1. Bifurcation-style diagram with respect to overconfidence, obtained by 
setting: 𝑅 = 1.01, 𝑑 = 1, 𝑎 = 1, 𝑏 = 0.46, 𝛽 = 0.6, 𝜎2 = 1, 𝑆 = 0.02.

2.5. Evolutionary switching

Profits are given by 
𝜋ℎ,𝑡 = 𝑧ℎ,𝑡−1𝜌𝑡, 𝜌𝑡 = 𝑝𝑡 + 𝑑 − 𝑅𝑝𝑡−1. (11)

Population shares evolve according to 

𝑛ℎ,𝑡+1 =
exp(𝛽𝜋ℎ,𝑡)

∑

𝑗 exp(𝛽𝜋𝑗,𝑡)
, 𝛽 ≥ 0. (12)

2.6. Fundamental equilibrium

A fundamental equilibrium is defined by constant prices and pop-
ulation shares. With non-zero asset supply, the equilibrium price in-
corporates an endogenous risk premium. A non-zero supply ensures a 
well-defined local stability analysis. Throughout the paper, we refer to 
the deterministic steady-state price 𝑝̄ as the fundamental equilibrium.

3. Dynamics and stability

To study the local dynamics around the deterministic steady state, 
let

𝑥𝑡 ≡ 𝑝𝑡 − 𝑝̄

denote the deviation of the price from the fundamental equilibrium. 
Linearizing the price dynamics around 𝑝̄ yields the one-dimensional 
difference equation 
𝑥𝑡 = 𝜙𝑝(𝜅) 𝑥𝑡−1, (13)

where 𝜙𝑝(𝜅) captures the local price feedback mechanism.
Using 𝜎2𝐹 = 𝜎2 and 𝜎2𝐶 = 𝜅𝜎2, the slope of the linearized price 

dynamics can be written as 

𝜙𝑝(𝜅) =
𝑛̄𝐶 𝑏

𝑛̄𝐶 (1 + 𝑏 − 𝑅) − 𝜅(1 − 𝑛̄𝐶 )𝑅
. (14)

Local stability of the fundamental equilibrium requires |𝜙𝑝(𝜅)| < 1.

Proposition 1.  As the overconfidence parameter 𝜅 decreases, the local 
stability of the deterministic steady state 𝑝̄ is weakened and eventually lost. 
For the parameter values considered, the loss of stability occurs through a 
flip (period-doubling) bifurcation.

Economically, a lower value of 𝜅 reduces chartists’ perceived risk 
and induces more aggressive trend-following positions, which increases 
the effective price feedback and shrinks the stability region of the 
fundamental equilibrium.
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Table 1
Simulation statistics (stochastic extension).
 Benchmark (𝜅 = 1) Weak OC (𝜅 = 0.8) Strong OC (𝜅 = 0.61) 
 Std. dev. of returns 0.0005 0.0043 0.0081  
 Excess kurtosis (returns) 0.1250 −1.9590 −1.1366  
 Mean abs. mispricing 0.0190 0.2117 0.3536  
 Mean share chartists 0.4997 0.4707 0.3930  
Notes: Simulations include dividend shocks 𝑑𝑡 = 𝑑 + 𝜀𝑡 with 𝜀𝑡 ∼  (0, 𝜎2

𝑑 ) and 𝜎𝑑 = 4 × 10−3. Statistics are 
computed on the full simulated series after burn-in (no temporal thinning). Returns are log-returns and 
mispricing is measured relative to the deterministic steady-state price 𝑝̄.
Fig. 2. Price dynamics with small dividend shocks. The figure reports zoomed 
time series of deviations from the deterministic steady-state price 𝑝̄ for three 
values of the overconfidence parameter. The top panel shows the benchmark 
economy (𝜅 = 1), the middle panel a weakly unstable regime with regular 
oscillations (𝜅 = 0.8), and the bottom panel a highly unstable regime (𝜅 = 0.61) 
characterized by large and irregular fluctuations.

Fig.  1 illustrates this transition. For high values of 𝜅, the system con-
verges to the fundamental equilibrium. As 𝜅 decreases, persistent oscil-
lations emerge, and for sufficiently low values of 𝜅 the price dynamics 
become highly unstable and dominated by endogenous fluctuations.

4. Simulations

We illustrate the model’s implications through numerical simula-
tions. The deterministic system highlights the stability boundary and 
the destabilizing role of overconfidence, consistent with the analytical 
3 
results. In what follows we introduce a noise term and we set 𝑅 =
1.01, 𝑑 = 1, 𝑎 = 1, 𝑏 = 0.46, 𝛽 = 0.6, 𝜎2 = 1 and 𝑆 = 0.02.

4.1. Stochastic extension

To assess the quantitative implications of overconfidence, we in-
troduce small dividend shocks 𝑑𝑡 = 𝑑 + 𝜀𝑡, where 𝜀𝑡 ∼  (0, 𝜎2𝑑 ). 
Fig.  2 reports time paths of price deviations from the deterministic 
steady-state price 𝑝̄.

Fig.  2 illustrates how price dynamics change across different levels 
of overconfidence. In the benchmark case (𝜅 = 1), deviations from 
the fundamental equilibrium remain small and are rapidly absorbed. 
With moderate overconfidence (𝜅 = 0.8), price fluctuations become 
persistent and display regular oscillatory patterns. Under strong over-
confidence (𝜅 = 0.61), price dynamics are characterized by large and 
irregular fluctuations, indicating a highly unstable regime.

Table  1 reports volatility, average mispricing, and the average 
market composition in the benchmark and overconfident economies. 
Overconfidence substantially amplifies return volatility and mispricing, 
while also affecting the endogenous market share of trend-following 
traders. The decline in the average market share of chartists reflects 
the fact that overconfidence leads to excessively aggressive positions, 
which are penalized by the evolutionary selection mechanism once 
price fluctuations become large. The excess kurtosis reflects the increas-
ingly regular nature of fluctuations close to the instability threshold. 
Although overconfidence destabilizes prices, it reduces the relative 
performance of trend-following traders, leading to a lower average 
market share under evolutionary selection.

5. Conclusion

This paper studies the destabilizing role of overconfidence in a 
Brock–Hommes asset pricing model with heterogeneous expectations 
and evolutionary switching. Overconfidence shrinks the stability region 
of the fundamental equilibrium and induces persistent endogenous 
oscillations. The stochastic extension shows that these mechanisms 
substantially amplify volatility and mispricing. The analysis highlights 
a simple and transparent channel through which behavioral biases can 
destabilize asset prices.

Declaration of Generative AI and AI-assisted technologies in the 
manuscript preparation process

During the preparation of this manuscript, the author used ChatGPT 
(OpenAI) to support the organization of the text and improve clarity 
and readability. The author reviewed and edited all content and takes 
full responsibility for the content of the published article.

Data availability

No data was used for the research described in the article.



F. Tramontana Economics Letters 264 (2026) 112955 
References

Barberis, N., Shleifer, A., Vishny, R., 1998. A model of investor sentiment. J. Financ. 
53 (2), 307–343. http://dx.doi.org/10.1111/0022-1082.00027.

Brock, W.A., Hommes, C.H., 1998. Heterogeneous beliefs and routes to chaos in a 
simple asset pricing model. J. Econom. Dynam. Control 22 (8–9), 1235–1274. 
http://dx.doi.org/10.1016/S0165-1889(98)00011-6.

Chiarella, C., Dieci, R., He, X.Z., 2009. Heterogeneous expectations and speculative 
behavior in a dynamic multi-asset framework. J. Econ. Behav. Organ. 72 (1), 
304–332. http://dx.doi.org/10.1016/j.jebo.2009.04.005.

Daniel, K., Hirshleifer, D., Subrahmanyam, A., 1998. Investor psychology and security 
market under- and overreactions. J. Financ. 53 (6), 1839–1885. http://dx.doi.org/
10.1111/0022-1082.00077.

De Long, J.B., Shleifer, A., Summers, L.H., Waldmann, R.J., 1990. Noise trader risk in 
financial markets. J. Political Econ. 98 (4), 703–738. http://dx.doi.org/10.1086/
261703.
4 
Gaunersdorfer, A., Hommes, C.H., 2007. A nonlinear structural model for volatility 
clustering. J. Econom. Dynam. Control 31 (10), 3133–3155. http://dx.doi.org/10.
1016/j.jedc.2006.09.001.

Hommes, C.H., 2006. Heterogeneous agent models in economics and finance. Handb. 
Comput. Econ. 2, 1109–1186. http://dx.doi.org/10.1016/S1574-0021(05)02023-9.

Hong, H., Stein, J.C., 1999. A unified theory of underreaction, momentum trading, and 
overreaction in asset markets. J. Financ. 54 (6), 2143–2184.

Lux, T., 1998. The socio-economic dynamics of speculative markets: Interacting agents, 
chaos, and the fat tails of return distributions. J. Econ. Behav. Organ. 33 (2), 
143–165. http://dx.doi.org/10.1016/S0167-2681(97)00088-7.

Odean, T., 1998. Are investors reluctant to realize their losses? J. Financ. 53 (5), 
1775–1798. http://dx.doi.org/10.1111/0022-1082.00072.

Schmitt, N., Westerhoff, F., 2019. Heterogeneous expectations and asset price dynamics. 
Econom. Lett. 176, 139–143. http://dx.doi.org/10.1016/j.econlet.2019.01.021.

http://dx.doi.org/10.1111/0022-1082.00027
http://dx.doi.org/10.1016/S0165-1889(98)00011-6
http://dx.doi.org/10.1016/j.jebo.2009.04.005
http://dx.doi.org/10.1111/0022-1082.00077
http://dx.doi.org/10.1111/0022-1082.00077
http://dx.doi.org/10.1111/0022-1082.00077
http://dx.doi.org/10.1086/261703
http://dx.doi.org/10.1086/261703
http://dx.doi.org/10.1086/261703
http://dx.doi.org/10.1016/j.jedc.2006.09.001
http://dx.doi.org/10.1016/j.jedc.2006.09.001
http://dx.doi.org/10.1016/j.jedc.2006.09.001
http://dx.doi.org/10.1016/S1574-0021(05)02023-9
http://refhub.elsevier.com/S0165-1765(26)00149-7/sb8
http://refhub.elsevier.com/S0165-1765(26)00149-7/sb8
http://refhub.elsevier.com/S0165-1765(26)00149-7/sb8
http://dx.doi.org/10.1016/S0167-2681(97)00088-7
http://dx.doi.org/10.1111/0022-1082.00072
http://dx.doi.org/10.1016/j.econlet.2019.01.021

	Overconfidence and market instability in a Brock–Hommes asset pricing model
	Introduction
	Model
	Excess payoff and traders' demand
	Expectations
	Overconfidence
	Market clearing
	Evolutionary switching
	Fundamental equilibrium

	Dynamics and Stability
	Simulations
	Stochastic extension

	Conclusion
	Declaration of Generative AI and AI-assisted technologies in the manuscript preparation process
	Data availability
	References


