The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

Sequential Selling with Sunk Cost Bias

Yasushi Kawase!-?, Tomohiro Nakayoshi'

!'The University of Tokyo, Tokyo, Japan
2RIKEN Center for Advanced Intelligence Project, Tokyo, Japan
kawase @mist.i.u-tokyo.ac.jp

Abstract

We study a sequential selling problem in which an agent re-
ceives daily offers to sell a good, incurs a holding cost each
day, and is subject to sunk cost bias—allowing past, irrecov-
erable costs to influence present decisions. We introduce a
formal model parameterizing the degree of sunk cost bias and
distinguish between three behavioral types: optimistic (who
ignore future bias), naive (who assume their current bias per-
sists), and sophisticated (who anticipate the evolution of their
own bias). For each type, we characterize the optimal sell-
ing strategy and precisely quantify the worst-case gap in ex-
pected objective profit compared to an unbiased agent. Our
results show that optimistic agents can suffer a quadratic loss
in profit due to excessive waiting, naive agents perform iden-
tically to unbiased agents, and sophisticated agents limit their
losses to a linear function of the time horizon. These findings
clarify how different anticipations of sunk cost bias affect se-
quential decision-making and suggest targeted interventions
to mitigate inefficiency.

1 Introduction

Imagine you possess a car and are considering selling it.
Each day, its market price fluctuates stochastically, and you
must decide whether to sell at the current price or wait for
a potentially better one in the future. However, waiting in-
curs daily expenses such as parking fees, taxes, and main-
tenance. Although you may gain some benefit from keeping
the car, these costs are assumed to outweigh those benefits.
The challenge is to determine the optimal time to sell in or-
der to maximize your overall utility.

This scenario is a classic example of the optimal stop-
ping problem, which, in theory, can be solved using dynamic
programming techniques (see, e.g., (Benomar, Baudry, and
Perchet 2024)). However, in practice, individuals often devi-
ate from the optimal strategy due to behavioral biases. One
prominent bias is the sunk cost bias, where past, irrecover-
able expenditures influence current decisions (Thaler 1980;
Arkes and Blumer 1985; Arkes and Ayton 1999). For in-
stance, after paying months of parking fees and maintenance
for your unused car, you may hesitate to accept a low of-
fer, thinking, “I have already invested so much, so I should
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wait for a better price.” This reasoning can lead to repeat-
edly rejecting reasonable offers, accumulating further costs,
and ultimately reducing your total utility. Motivated by this
phenomenon, we study optimal stopping behavior in agents
subject to sunk cost bias.

The goal of this research is to understand how the degree
of sunk cost bias influences outcomes in sequential decision-
making. We model the scenario as follows: an agent owns an
indivisible good and seeks to maximize her profit over a time
horizon of T' days. Each day ¢ € [T, its market price is X
drawn from a known distribution F}, and the agent must de-
cide whether to sell at the current market price or wait for a
potentially better one, incurring a daily holding cost ¢ > 0. If
holding the good also yields some benefit, then ¢ represents
the net cost, that is, the daily holding cost minus the daily
gain. We refer to this as the sequential selling problem. To
capture sunk cost bias, we introduce a parameter A > 0 rep-
resenting the agent’s sensitivity to past, irrecoverable costs.
By day ¢, after incurring a total holding cost ¢ - (¢t — 1), an
agent with sunk cost bias perceives her utility from selling
as the objective utility minus an additional subjective penalty
proportional to the accumulated cost, i.e., Ac¢ - (¢ — 1).

Our model distinguishes between three behavioral types,
depending on how agents anticipate and respond to their own
sunk cost bias: optimistic, naive, and sophisticated agents.
An optimistic agent applies sunk cost bias only to her cur-
rent decision, assuming that her future choices will be un-
biased. A naive agent is unaware that her bias may change
over time and believes her current level of sunk cost bias will
persist in the future. In contrast, a sophisticated agent fully
anticipates how her sunk cost bias will evolve and plans her
actions accordingly. We formalize the decision rules for each
agent type and analyze how these differing anticipations of
bias affect their selling strategies and overall performance.

Our analysis provides insights into how platforms in used
goods markets can effectively intervene to improve out-
comes. Moreover, our model is not limited to the context of
selling a good; it can also be applied to a wide range of se-
quential decision-making scenarios involving sunk cost bias.
Additionally, we only focus on the sunk cost bias and do not
consider other behavioral biases such as present bias or ref-
erence point bias, since we aim to isolate the effects of sunk
cost bias on decision-making. We will discuss these points
in more detail in Section 5.



Naive
0

Optimistic
Ae- (T =1)(T-2)/2

Sophisticated
Ae- (T —1)

Table 1: The worst-case difference in objective profit be-
tween a biased agent and the unbiased agent.

Our Results

We rigorously analyze the performance of each agent type
by quantifying the worst-case gap in expected objective
profit relative to the unbiased agent, which serves as a bench-
mark. Specifically, we reveal the worst-case gaps for opti-
mistic, naive, and sophisticated agents as functions of the
time horizon 7', daily cost ¢, and the bias parameter \.

Our main findings are as follows. For optimistic agents,
the worst-case profit loss compared to the unbiased agent
grows quadratically with the time horizon T', specifically
Ac- (T —1)(T —2)/2 (Theorem 3.1). This demonstrates that
optimistic agents can suffer substantial losses due to exces-
sive waiting and the compounding effect of sunk cost bias.
Naive agents, in contrast, achieve exactly the same expected
profit as the unbiased agent for any value of the bias pa-
rameter A (Theorem 3.4). This occurs because their decision
rule coincides with that of the unbiased agent, as they do not
anticipate changes in their own bias. Sophisticated agents,
who fully anticipate the evolution of their own bias, limit
their worst-case profit loss to a linear function of 7', namely
Ac-(T'—1) (Theorem 3.5). To establish this, we show that the
sophisticated agent behaves identically to the unbiased agent
in a modified instance where the cost is scaled by (1 + \).
Our result illustrates that accounting for future bias can sub-
stantially mitigate inefficiency, though some loss remains in-
evitable.

These results are summarized in Table 1.

We also analyze the case where the daily prices are identi-
cally distributed, and the time horizon 7" is large (Section 4).
In this setting, the unbiased and naive agents both adopt a
stationary threshold policy, selling as soon as the offer ex-
ceeds a fixed value. The sophisticated agent, anticipating fu-
ture bias, uses a lower threshold to avoid accumulating hold-
ing costs. In contrast, the optimistic agent’s threshold in-
creases over time, causing her to wait excessively and incur
greater losses. This highlights how different anticipations of
sunk cost bias fundamentally alter the timing of selling and
long-run outcomes.

These findings highlight that naive and sophisticated
agents, despite exhibiting sunk cost bias, do not experience
significant profit losses compared to the unbiased agent. In
contrast, optimistic agents can incur substantial losses due
to their tendency to overestimate future opportunities and
postpone selling in an attempt to recover sunk costs. This
behavior leads to excessive waiting and the accumulation of
holding costs.

Our analysis suggests that interventions targeting opti-
mistic or sophisticated agents can meaningfully improve
outcomes. For example, introducing early-bird incentives,
time-limited offers, or imposing escalating fees can moti-
vate optimistic agents to sell earlier, thereby reducing in-
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efficiency. For sophisticated agents, providing subsidies for
holding costs may enable them to wait for higher offers and
achieve better sales outcomes. Conversely, from the perspec-
tive of the party collecting parking fees (such as a facility
owner), our results suggest that increasing the fee can actu-
ally increase revenue when dealing with optimistic agents,
not only because the daily income per user rises, but also
because such agents tend to hold onto the item longer and
thus pay fees over a longer period.

Related Work

Behavioral economics has gained significant attention in re-
cent years, particularly in the context of decision-making un-
der uncertainty. Traditional economic models often assume
that agents are rational and make decisions based solely on
expected utility. However, empirical evidence suggests that
individuals frequently deviate from these assumptions, lead-
ing to suboptimal choices. Sunk cost bias is one such de-
viation, where individuals consider past, irrecoverable costs
when making current decisions. The sunk cost fallacy can be
observed in various situations, such as continuing to invest
in a failing project, holding onto a losing stock, or remain-
ing in a bad relationship. Thaler (1980) introduced the con-
cept of sunk cost bias and provided an explanation through
the lens of prospect theory (Kahneman and Tversky 1979).
Arkes and Blumer (1985) conducted a series of experiments
demonstrating that individuals often allow past costs to in-
fluence their current decisions, even when it is irrational to
do so. Arkes and Ayton (1999) provided a comprehensive
review of the sunk cost bias literature, highlighting its preva-
lence and implications in various domains.

The optimal stopping problem is a classical topic in prob-
ability theory and decision science, with applications in ar-
eas such as finance, economics, and operations research.
A fundamental setting is the prophet inequality problem,
where an agent must decide whether to accept or reject a
sequence of offers over time (Krengel and Sucheston 1977;
Samuel-Cahn 1984; Kleinberg and Weinberg 2012; Cor-
rea et al. 2019; Lucier 2017; Harada, Kawase, and Sumita
2025). Specifically, it is well known that the optimal strategy
for this problem is guaranteed to achieve at least half of the
expected maximum value of the offers (Krengel and Suche-
ston 1977). Recently, (Kleinberg, Kleinberg, and Oren 2022)
studied the prophet inequality with reference point bias,
where agents are influenced by their past experiences and
expectations. (Cai, Gardner, and Weinberg 2023) extended
this work to consider agents with both reference point bias
and present bias, providing a more comprehensive frame-
work for understanding decision-making under uncertainty.
Our model can be viewed as a variant of the prophet inequal-
ity problem, where the agent’s preferences are influenced by
sunk cost bias.

Kleinberg and Oren (2018) introduced a graph-theoretic
model of tasks and goals for time-inconsistent agents. This
model has been extended in various directions (Kleinberg,
Oren, and Raghavan 2016, 2017; Kleinberg et al. 2021;
Kleinberg, Kleinberg, and Oren 2022; Akagi, Marumo, and
Kurashima 2024; Akagi, Kim, and Kurashima 2025; Tang
et al. 2017; Albers and Kraft 2019; Gravin and Immorlica



2016). The sophisticated agent was introduced by Klein-
berg, Oren, and Raghavan (2016), building on a formaliza-
tion from O’Donoghue and Rabin (2008). Although there
has been limited research specifically focused on sunk cost
bias, Kleinberg et al. (2021) is the most closely related to
our work. They analyzed the case where an agent traverses
a path from a starting node s to a target node ¢ in a di-
rected graph, obtaining a reward R upon reaching the target.
Each node is associated with a cost for moving forward, and
there is a probability distribution on its outgoing edges, de-
termining the next node. At each step, the agent must choose
whether to move forward or stop. They showed that the gap
between the expected reward of the optimal agent and that of
the optimistic agent can be exponentially large in the num-
ber of nodes. They also showed that the gap between the
expected reward of the optimal agent and that of the sophis-
ticated agent is at most A/(1 + \) - R. A key difference be-
tween our results and those of Kleinberg et al. (2021) lies
in the underlying structure of cost and profit. In their model,
the cost of each step can be set to an arbitrary value, but
the profit is fixed. In contrast, in our model, the cost is fixed
and the profit is stochastic, which leads to different agent be-
haviors. As a result of this structural difference, our analysis
yields distinct conclusions regarding the impact of sunk cost
bias on agent behavior and performance.

2 Model

For a positive integer n, let [n] = {1,2,...,n}. The se-
quential selling problem is defined as follows. Consider a
situation where an agent wishes to sell a good over 7' days.
On each day t € [T, the agent decides whether to sell the
good at a market price X;, which is sampled from a known
non-negative distribution F;. We assume that the expected
value of X, is finite for each ¢ € [T']. Holding the item incurs
a daily cost ¢ > 0." An instance of the problem is specified
by the tuple (¢, T, (F})ie[r))-

We model an agent exhibiting sunk cost bias, where per-
ceived utility depends on accumulated costs. The agent is
characterized by a bias parameter A (> 0), representing sen-
sitivity to sunk cost. We refer to an agent with bias parame-
ter A as A-biased. An agent with no bias (A = 0) is called an
unbiased agent.

On each day t € [T — 1], the agent chooses to either

1. Sell the good with value X; and terminate, or
2. Pay cost ¢ to continue to day ¢ + 1.

On day 7', the good must be sold at value Xrp.

The objective profit from selling at day ¢, as evaluated
from day ¢, is X;. However, due to sunk cost bias, the agent’s
perceived utility from selling at day ¢, as evaluated from day
t,is X — Ac - (t — 1), since the total cost incurred by day ¢
isc-(t—1).

The biased agent makes selling decisions based on per-
ceived utility. We analyze three types of agents: optimistic,

'If we wish to handle possibly varying daily costs c:, we can
model this by setting ¢ to a sufficiently small unit and, for each
day t, inserting c;/c — 1 consecutive days with identically zero
distributions between days.
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naive, and sophisticated. Although their perceived utility on
day ¢ is always X; — Ac - (¢ — 1), their expectations about
future decisions differ.

Let t,¢' € [T] with ¢ > t. For the unbiased agent, the
predicted utility at day ¢ for selling at day ¢’ is:

Ugjlt)/(Xt/) = Xt’ —C- (t/ — t)

The perceived utility at day ¢ for selling at day ¢ is defined
as follows for each agent type. The optimistic agent expects
that future decisions will be unbiased, resulting in perceived

utility:

The naive agent regards the bias present today as persisting
into the future, leading to perceived utility:

(n)

ut,t/

th—AC'(t_].)
Xy —c- (' —1)

ift =t,
ift' > t.

(o)

um/

(X)) =

(Xt/) = Xt/ —C- (tl—t) — Ac- (t— 1)

The sophisticated agent anticipates that the bias will con-
tinue to accumulate in the future, resulting in perceived util-

1ty:

(s)
Uy ¢

(X)) =Xy —c-(t' —t) = de- (' —1).

If the agent type is unspecified, we denote the super-
script symbol by a variable ¢ € {u,0,n,s} for unbiased,
optimistic, naive, and sophisticated agents, respectively.

On each day, each agent makes an optimal decision ac-
cording to her perceived utility. For a type-a agent and
t,t' € [T] with ¢ < ¢, let w,ﬁ“g denote the expected per-
ceived utility of the agent from day ¢ given that she does not
sell the good before day t'.

We first observe the unbiased agent. At day 7', the agent
must sell the good, and her expected utility is W(Tlf )T
E[Xr]. For t € [T — 1], the agent compares the utility

ul") (X;) = X, of selling at day ¢ with the utility 7%, , =

ﬂt(i)l,t 11 — cof not selling at day ¢. Thus, the agent sells at

day ¢ if and only if X, > (%, ,,, and the expected utility
is
W _

Tt =

E {max {Xt, Wt(i)l’t+1 — c}] .
The overall expected utility of the unbiased agent is wgl’l)
which can be computed by recursively solving the above
equationfort =T — 1,7 —2,...,1. Itis worth mentioning
that the expected utility of the unbiased agent, 7y 1, is not
equal to the expected optimal profit that could be achieved
if all the realizations of the prices were known in advance,
ie., E[max,cr (X —c- (t —1))].

Next, we examine the behavior of a biased agent of type
a € {o,n,s}. Since the agent must sell the good at day T,
her perceived utility at that time is defined as

(XT)]

b}

(a)

Ty =



For t < ¢/ < T, the agent at day ¢ considers that the good
Will be sold at day ¢’ if it is not sold before day ¢’ and

uy t), (Xv) > 7r§ t),ﬂ 2 Thus, we have

77,5?, =FE {max {ugat), (X)), wt(:lt),HH :
Atday t € [T — 1], the agent sells the good if and only if
ul® (X)) = 7%, 1. Since uf?) (X,) = X, — Ae- (t — 1), the

agent sells the good at day ¢ if and only 1f the observed value
X is at least the threshold Wt()t)ﬂ + Ac- (t—1).

Proposition 2.1. For any agent type a € {o,n,s}, the agent
at day t sells the good if and only if the observed value X,
is at least the threshold

0 =%+ e (t—1).

This value can be computed by performing T' — t integra-
tions.

Let us see the differences among the agents with a con-
crete example.

Example 2.2. Consider the instance with T = 12, ¢ = 1,
and \ = 1, where each offer Xy is drawn from the uniform
distribution Uniform|0, 8]. Table 2 shows the sales thresh-

olds Ht(a) for optimistic, naive, and sophisticated agents. By
simple computation, the resulting expected objective profits
at the beginning are approximately 3.120 (optimistic), 5.000
(naive), and 4.757 (sophisticated).

From this example, we observe that the optimistic agent’s
threshold increases almost linearly over time, leading to ex-
cessive waiting and accumulated costs. Notably, from day
6 onward, the optimistic agent sets thresholds so high that
they exceed the maximum possible offer, making it impossi-
ble to sell on those days. This behavior reflects a tendency to
continually postpone the decision to sell, hoping for a bet-
ter opportunity to recover sunk costs, even though such op-
portunities may never arise. The naive agent uses an almost
constant threshold (=~ 4.0), which is the same as the unbi-
ased agent’s threshold, as we will see in Theorem 3.4. The
sophisticated agent adopts a lower threshold (=~ 2.3) and
sells early to reduce holding costs.

3 Performance Gap Analysis

In this section, we characterize the worst-case gap in ex-
pected profit between each biased agent type and the un-
biased agent.

Optimistic Agents

We begin by showing that the worst-case profit loss for an
optimistic A-biased agent, relative to the unbiased agent,
grows quadratically with the time horizon 7.

Theorem 3.1. For any A > 0, the worst-case difference in
expected profit between an optimistic \-biased agent and the
unbiased agent is Ac - (T — 1)(T — 2)/2.

2If uiat),(Xt/) = 7rt t’+1 the agent is indifferent between sell-
ing and waiting. For simplicity, we assume that the agent sells the
good at day ¢’ in this case. Although this assumption may affect the
analysis in minor ways, the same results can still be obtained.
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We first establish the upper bound on this profit gap.

Lemma 3.2. For any instance (c,T, (F;)cir)), the differ-
ence in expected objective profit between an optimistic \-
biased agent and the unbiased agent is at most ¢ - (T —

1)(T - 2)/2.
(o)

Proof. Let 7772“) and 7; ~ denote the expected objective profit
of the unbiased and optimistic agents at day ¢, respectively,
conditioned on not having sold before day ¢. Note that
W = 7T£U;), but 7{°) may differ from WEZ) due to the bias.

We claim that for all ¢t € [T,
) “Ae- (T —t)(T+t—3)/2.

We prove this by backward induction on ¢. If this claim

holds, then at ¢ = 1 the difference in objective profits is

bounded by
()

™

>7Tt

1)(T - 2)/2.

Base case: For ¢ = T, both the optimistic and unbiased
agents are required to sell the good, so their expected objec-

(o) — 7 = E[X]. This establishes

— 7l <A (T -

tive profits coincide:
the base case.

Inductive step: Assume that for some ¢ € [T' —
equality holds at t + 1, i.e.,

1], the in-

71't(i)1 z 77151)1 -

Since the optimistic agent has no bias for future decisions,
()  _ (0

M- (T+t—2)(T—t+1)/2.

we have 7,7, | = m ) — cforallt € [T — 1]. Thus, we
have
" = E|Xel o) ()5 Em}
FE[(2 — O xy<nt |
—E :Xtﬂug?g(xt)zfr§:>fc:
+E (Wt(i)l — C)]lu(O)(Xt)<7Tt+1 c}
> E :thlui?z(xnzwiﬂ—c_
+E :(m(i)l —Ae TR ~OLu (x) <,
> E :Xt]lug?g(xt)zﬂfrc_
+E :(Wt(i)l _ C)]lui?z(xt)«iiﬁ—c}

e (T+t—2)2(T7t+1)
=E [max{Xt7 Wt(i)l —C}}

—E[(% — (rh - )y s
e @I

—(>u§ 2(X,):|

—Ac(t—1) = Ac
~ e (T-s-t—z)z(T—t-H)7

(T+t—1)(T—t)
2

N



Agenttype | 1 2 3 4 5 6 7 8 9 10 11 12
Optimistic | 3.999 4.998 5997 6.994 7.988 8975 9950 1090 11.79 1256 13.00 0.000
Naive 3999 3998 3997 3994 3988 3975 3950 3.899 3.793 3.562 3.000 0.000
Sophisticated | 2.343 2.343 2343 2343 2343 2342 2341 2335 2316 2250 2.000 0.000

Table 2: Sales thresholds 9§“> at day ¢ for each agent type.

where the first inequality holds by the inductive hypothe-
sis and the last inequality holds because x > wt(i)l —-c>
u,(fot)(ac) = x—Ac-(t—1) implies Ac-(t—1) > x—(m41—c).

This completes the induction and the proof. 0

Next, we establish the matching lower bound.

Lemma3.3. FixT > 3,¢> 0, A\ > 0, and any ¢ € (0, Ac).
Then, there exists an instance of the sequential selling prob-
lem (c, T, (F})e[r)) such that the difference in expected ob-
Jective profit between an optimistic A-biased agent and the
unbiased agent is at least \c - (T — 1)(T — 2)/2 — e.

Proof. For each day ¢ € [T, define the deterministic price
Ty i=c ((t -1)— 7’\(75_12)(75_2)) + =L e,

and let F} be the point-mass distribution at x;.
Since prices are deterministic, the unbiased agent will sell
at the day maximizing objective profit. For ¢ € [T,

ug"lt)(xt):xt—c~(t—1):—)\c'%+%'s.

This is maximized at ¢ = 2, yielding the profit of 7\ =
wile) =</ 2). -

Now consider the objective profit of the optimistic agent.
At each day ¢ € [T — 1], her perceived utility from selling
immediately is

uﬁot)(xt) =x;— A (t—1)
:C.(t71)7>\6%+%_6.
Her perceived utility from waiting and selling at day ¢ 41 is

u%) ) (@g1) = 201 — €

t(t—1
=c-(t—1)—Ac (2 )—&—ﬁ-e.

It is straightforward to verify that ugot) 1 (Zeg1) > ugf? (x¢).
As
ﬂ—t(:jt)Jrl = maX{ui?t)ﬂ(xtH% 7Tt(0t)+1}
2> U§3)+1(37t+1) > Ugot) (w¢),
the optimistic agent always prefers to wait rather than
sell. Therefore, she postpones selling until the final day 7.
Hence, her objective profit is

xT—c.(T_l):_M%;T*%JF%,a
Therefore, the gap in objective profit is

T3~ <_)‘C%2(T_2)+%5) = A T e,

This completes the proof. O

Note that the loss for the optimistic agent is bounded by
a quadratic function because the cumulative cost only grows
linearly with time. If we allow the daily cost ¢ to vary over
time, the loss can grow even faster. Indeed, we can show that
the loss can be exponential in the time horizon 7', similar to
the result by Kleinberg et al. (2021).

Naive Agents

We now show that a naive A-biased agent achieves exactly
the same expected objective profit as the unbiased agent, re-
gardless of the value of \.

Theorem 3.4. For any A\ > 0, a naive \-biased agent
follows exactly the same policy as the unbiased agent and
achieves the same expected objective profit.

Proof. Atdayt € [T, the naive agent’s perceived utility for
selling at day ¢/ > ¢ is u") (Xy) = ul) (Xp) = Ac- (t— 1)

Thus, the expected perceived utility satisfies Wt(r;), = 7r§ut2 -

Ac:(t—1), and in particular, Wt(f;)ﬂ = Wt(i)_i_l —Xc-(t—1). The

naive agent sells at day ¢ if and only if ugf;) (Xy) > ﬂt(f;)ﬂ,

which is equivalent to X; > ngzrl. This is exactly the same
threshold as the unbiased agent. Therefore, the naive agent’s
selling rule and expected objective profit coincide with those
of the unbiased agent. O

Therefore, in our model, the naive agent always follows
the same optimal policy as the unbiased agent and achieves
identical expected profit, regardless of the bias parameter .
This result arises from the specific structure of sunk cost bias
in our model, where the bias cancels out in the naive agent’s
decision process. In contrast, for present bias, naive agents
suffer significant losses compared to unbiased agents (Klein-
berg, Oren, and Raghavan 2016).

Sophisticated Agents

Finally, we show that the worst-case difference in expected
profit between a sophisticated A-biased agent and the unbi-
ased agent grows linearly with the time horizon 7T'.

Theorem 3.5. For any A > 0, the worst-case difference in
expected profit between a sophisticated \-biased agent and
the unbiased agent is \c - (T — 1).

We first prove the upper bound of the profit difference.
The key observation is that the sophisticated agent behaves
exactly as the unbiased agent in a modified instance where
the cost is scaled by (1 + \).

Lemma 3.6. For any instance (c,T, (F;)cir)), the differ-
ence in expected objective profit between a sophisticated \-
biased agent and the unbiased agent is at most Ac - (T — 1).
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Proof. Let T denote the random variable of the day that the
unbiased agent sells the good in (c, T, (F})¢ejr)), and let
7' denote the random variable of the day that the unbiased
agent sells the good in ((1+ )¢, T', (F})¢er))- The expected
objective profits of the unbiased agent for (¢, T, (F})e[r)
and ((1 + Ne, T, (Fy)iepr)) are E[X; —c- (7 —1)] and
E[X, — (1 + X)c- (7' — 1)], respectively.

By definition, the sophisticated A-biased agent acting on
instance (c, T, (Ft):e[r)) behaves exactly as the unbiased
agent for ((1 4+ N)c, T, (Fy)¢ejr)), ie., sells the good at
day 7’. Therefore, the sophisticated agent achieves profit
E[X; —c- (7" = 1)] for (¢, T, (Fy)terr)-

In addition, we have

E[X, —c(r — 1)]
=E[X, - (1+N)ec
<E[Xy —(1+A)ec

(t=1D]+ Xe-E[r —1]
("= 1))+ Ae-E[r —1].
where the inequality holds because 7’ is the optimal policy
for ((1 + /\)C’ T, (Ft)tE[T])'
Hence, we have
EX, —c-(7—-1)]-E[Xy —c- (7' = 1)]
<E[Xp —(1+Nc- (7" =1)]+ Ae-E[r — 1]
—E[X, —c- (7' =1)]
=—Xc-E[r' = 1]+ Ac - E[r — 1]
=X-E[r—7]< A (T—1),
where the last inequality holds since 7/ > 1l and 7 < T..
Therefore, the difference in expected objective profit is at
most Ac¢- (T —1). O
We next prove the lower bound of the profit difference.

Lemma3.7. FixT > 2, A >0, ¢ > 0, and any ¢ € (0, Ac).
Then, there exists an instance of the sequential selling prob-
lem (c, T, (F})e[r)) such that the difference in expected ob-
Jjective profit between a sophisticated \-biased agent and the
unbiased agent is at least A\c(T — 1) —

Proof. For each day t € [T, define the deterministic price

|

and let F} be the point-mass distribution at ;.
The objective profit of selling at day ¢ € [T] is

() =@ — - (t—1)

Ug ¢

0
(1+XM)ec

ift =1,
-(t—1) —e otherwise,

Ty —

_{0 ift=1,

Ac-(t—1) —e otherwise.
Hence the unbiased agent waits until day 7" and achieves
7r11 =X (T-1)—¢.
Now, consider the sophisticated agent at day 1. The per-
ceived utility from selling at day 1 is

uﬂ(xl) =z —(1+A)c-0=0.

)
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Moreover, the perceived utility at day 1 for selling at a future
dayt' € {2,3,...,T}is

ul) () =2y —c- (' = 1) = e~ (' —1) = —

This implies that the expected perceived utility of not selling

at day 1is 77%% = —e < 0. Hence, the sophisticated agent

sells the good at day 1 and her objective profit is 0.
Therefore, the gap in objective profit between the sophis-
ticated agent and the unbiased agent is

Ae-(T—=1)—e—=0=X-(T—1)—c¢,

as claimed.

4 Identical Distributions

In this section, we discuss the case where the price on each
day follows the same distribution, i.e., Fy = F forallt €
[T], and T goes to infinity. Let
0 =% e (t—1)

denote the sales threshold at day ¢ for agent type a €
{u, 0,1, s}, i.e., the minimum value of X at which the agent
will sell. We assume in this section that the expected value
of the price is at least the daily cost, i.e., Ex~r[X] > c.

For the unbiased agent, the threshold is constant over time
because there is no difference between the days, as the dis-
tributions are identical and there is no sunk cost effect. Let
6™ denote the threshold for the unbiased agent. The ex-
pected profit from each day is also the same; let 7(") denote
the expected profit of the unbiased agent. Then, the threshold
6™ should be set to 7(") — ¢, since choosing to wait yields
an expected profit of 7(") — ¢. This gives us the equation

Exr[max{X, 6W}] =7 =g 1 ¢

By Theorem 3.4, we know that the naive agent behaves
the same as the unbiased agent. Moreover, by Theorem 3.5,
a \-biased sophisticated agent acts as the unbiased agent for
(L4 Xe, T, (Ft)ierr). Thus, we have the following theo-
rem.

Theorem 4.1. Ler f(0) = Ex.p[max{X — 6,0}]. For any
A-biased naive agent the sales threshold at each day is a
constant 0™ € f=1(c) if ¢ < f(0) and 6™ = 0 otherwise.
For any \-biased sophisticated agent, the sales threshold at
each day is a constant 0 € f~1((1+ N)c).

From this theorem, we see that the thresholds for naive
and sophisticated agents are monotone non-increasing with
respect to both ¢ and A. In other words, as the cost ¢ or the
bias A increases, naive and sophisticated agents will try to
sell the good earlier.

Example 4.2. For the case where the distributions are inde-
pendent and identically Uniform|0, 8] and ¢ = 1, we have

c= E{max{X — o™, 0}]

(1= 5B - 0W),

1
2



and the solution is 0 = 4. In addition, for a \-biased
sophisticated agent, we have

(14 Ne=E|max{X —6©, 0}
©) s

and the solution is 0 = 8 — 4\/1 + . Specifically, for
A =1, we have ) = 8 — 4\/2 =~ 2.343. These results
align with the thresholds in Example 2.2.

For the optimistic agent, the sales threshold on the first
day coincides with that of the unbiased agent, since there
is no accumulated sunk cost and the agent assumes future
decisions will be unbiased. However, on day t, the threshold
increases linearly due to accumulation of sunk costs.

Theorem 4.3. For any A-biased optimistic agent, the sales
threshold at day t is

6 = 6™ 4 Ac- (t — 1),

where 0 is the threshold for the unbiased agent.

This means that as time progresses, the optimistic agent
requires increasingly higher offers to sell, attempting to “re-
cover” all previously incurred costs, even though these costs
are irrecoverable. In particular, as the daily cost ¢ increases,
the threshold rises more rapidly, which quickly reduces the
probability that the agent will sell. Interestingly, increasing
the daily cost can actually improve the objective profit for
the optimistic agent. The following example illustrates this
phenomenon.

Example 4.4. Consider the case where the distributions are
independent and identically Uniform[0, 8] and A = 1.

If c =1, we have Gt(o) =4+ (t—1) by 6™ = 4 (see Ex-
ample 4.2). The agent never sells the good with probability

= 105 ~ 0.2051.

8 = 512
This implies that, with probability approximately 0.2051, the
agent will never sell the good and will continue to pay a
daily cost of 1 forever, resulting in an expected objective
profit of negative infinity.

On the other hand, if ¢ = 4, we have 950) = 0 since
6™ = 0 by f(0) = E[X] = 4. The agent will sell the good
ondayt = 1 with probability 1. The expected objective profit
is E[Xl] =4,

Thus, increasing daily cost ¢ can sometimes improve her
expected objective profit. Similarly, monotonicity of the ex-
pected objective profit with respect to the strength of the bias
A does not necessarily hold.

We remark that such a counterintuitive behavior never oc-
curs for naive or sophisticated agents.

5 Discussion

In this paper, we introduced a model of sequential selling
with sunk cost bias and analyzed the performance of opti-
mistic, naive, and sophisticated agents. We showed that the
worst-case difference in profit between an optimistic agent
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and the unbiased agent is quadratic in 7', while for a so-
phisticated agent it is linear in 7". For naive agents, the bias
cancels out in their decision process, so they achieve exactly
the same expected profit as the unbiased agent, regardless
of the bias parameter. Our analysis revealed that optimistic
agents tend to be overly optimistic about future opportunities
and postpone selling, leading to accumulated holding costs,
whereas sophisticated agents anticipate their own future bias
and sell earlier to avoid additional losses. Additionally, we
provided the sales thresholds for each agent type when the
distributions are identical across all days, showing that naive
and sophisticated agents have constant thresholds, while op-
timistic agents have linearly increasing thresholds.

From the perspective of a used goods marketplace plat-
form, our results suggest ways to increase profits by adjust-
ing fees or storage charges to influence seller behavior. For
example, optimistic sellers tend to delay selling and accu-
mulate higher costs, so introducing a sales subsidy or bonus
for selling on the first day, or increasing daily charges, can
encourage earlier sales, thereby increasing transaction vol-
ume and fee revenue. For sophisticated sellers, who tend to
sell earlier to avoid accumulating losses, reducing the daily
holding cost can encourage them to wait longer for better
offers. By lowering the daily cost, the platform enables so-
phisticated agents to be more patient, potentially achieving
higher sales prices and improving both seller satisfaction and
overall market efficiency. Thus, adjusting the fee structure
according to the seller’s bias can help the platform achieve
more desirable outcomes.

Although we have focused on the context of selling a
good, our model applies to a variety of other sequential
decision-making scenarios involving sunk cost bias. For ex-
ample, the same framework can be used to analyze quit-
ting decisions in job search, where an agent must decide
whether to accept a current job offer or continue search-
ing while incurring search costs. Another application is in
project management, where a manager decides whether to
abandon or continue a project after investing resources, with
ongoing costs influencing perceived utility. The model also
extends to investment decisions, such as when to exit a fi-
nancial position or terminate a research and development ef-
fort, where past expenditures may irrationally affect future
choices. These examples illustrate the broad relevance of our
analysis to economic, organizational, and personal decision-
making processes affected by sunk cost bias.

There are several promising directions for future research.
One direction is to incorporate other behavioral biases (e.g.,
present bias or loss aversion) into the model. When multiple
biases coexist, the overall loss can naturally become larger.
However, the interaction between different biases may lead
to nontrivial effects on efficiency. Analyzing the combined
impact and possible synergies among multiple behavioral bi-
ases is an important direction for future work. Another di-
rection is to analyze settings with multiple agents, where
strategic interactions and market dynamics may amplify or
mitigate the effects of sunk cost bias. Finally, validating
the model with real-world data from online marketplaces or
field experiments could yield further insights into the practi-
cal impact of sunk cost bias and intervention effectiveness.
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