When is Market the Benchmark?
Reinforcement Evidence from Repurchase Decisions
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Abstract
Reinforcement relative to an adaptive benchmark is a well-established model of behavior outside finance. Recently, reinforcement has been identified as an important
driver of decisions to repurchase a stock. In this paper, we enrich the existing reinforcement model of repurchasing by an aspiration-based market benchmark. When
choosing which stock to repurchase, investors’ sources of reinforcement are weighted
averages of absolute returns from previous sales and relative returns with respect to a
market benchmark. The weights change according to market environments. We empirically identify the following crucial asymmetry that cannot be reconciled by simple
reinforcement strategy, but is consistent with the model we propose: investors place
more weight on relative returns when the market is performing well, and place more
weight on absolute returns when the market is performing badly.
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Motivation
Financial economists have long been studying the factors that make individual investors

buy and sell stocks. Several studies have addressed this question empirically. A difficult for
empirical investigations of buying decisions stems from the fact that investors’ choice sets,
when buying, potentially include the universe of all securities. This paper contributes to
the understanding of buying decisions by proposing a reinforcement learning model in the
context of a special type of buying decision, repurchasing, for which the choice set can be
unambiguously determined.1 The novelty of our model, compared to prior reinforcement
learning studies in finance, is that decision-makers do not solely care about the absolute
return they received from prior investments, but also take the market into account (e.g. the
S&P500 index) as a benchmark, allowing previously sold stocks to be absolute and/or relative
winners or losers. Consistent with extant studies of investor psychology, we propose that
investors pay more attention to the market performance, and thus the relative return to their
investment, during an upward-trending market, but not during a downward-trending market.
The main contribution of our study is twofold. First, we provide behavioral foundations based
on a formal learning model for these reinforcement patterns. Second, we identify the varying
source of reinforcement, absolute and relative stock performances, depending on market
conditions, and find empirical evidence that cannot be generated by individual investors’
simple reinforcement strategy, but is consistent with our adaptive-benchmark reinforcement
model.
Reinforcement learning is a concept intensively studied in psychology. ‘Classical reinforcement theory’ (Bush and Mosteller, 1953; Suppes and Atkinson, 1959; Harley, 1981;
Cross, 1983) assumes that, in accordance with the ‘law of effect’ (Thorndike, 1898), the
probability of choosing an action is higher (lower) if that action, absolutely or compared
with other actions or an adaptive aspiration benchmark, led to higher (lower) payoffs in the
decision maker’s past experience. Economists use reinforcement learning to explain behavior
1
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in strategic interactions (see e.g. Roth and Erev, 1995; Erev and Rapoport, 1998). Beyond
classical reinforcement learning, a wide array of generalized reinforcement learning models
(e.g. Nevo and Erev, 2012; Camerer and Ho, 1999; Nax et al., 2013b) exist with various
additional features that were derived from a rich experimental literature.2 An important avenue of investigation has been to determine the nature of aspiration benchmarks according
to which actions are reinforced, and how they are adapted.3
Recently, several empirical studies have investigated reinforcement-type behavior in financial markets. They find that average individual investors are more likely to subscribe to
IPO auctions subsequent to successful personal experience, leading to deteriorating performances (Kaustia and Knüpfer, 2008). Sophisticated investors do not behave like this (Chiang
et al., 2011). Moreover, investors are shown to allocate more to their 401(k) accounts after
profitable experience in the past month (Choi et al., 2009). Closely related to our study, it
was found that common stock investors repurchase more previously sold winners than previously sold losers (Strahilevitz et al., 2011). In an experiment, Jiao (2015a) uncovers that
higher past reinforcements lead to increased propensities to repurchase and more optimistic
beliefs.
What is missing in the literature on reinforcement investing is a model that clearly
specifies the sources of the reinforcement benchmarks. The above empirical studies test joint
hypotheses regarding both the source of reinforcement and the subsequent reinforcementdriven behavior; and they implicitly assume the reinforcement source to be the absolute
return on previous sales, which, we believe, is not necessarily all that individual investors
care about. Here, we provide a model that enriches existing studies by the introduction of a
dynamic market benchmark. Stock performances are assessed vis-a-vis this benchmark, and
decisions to repurchase a previously sold stock are made based on a weighted combination of
(stock-) absolute and (market-) relative returns. Whether the decision to purchase a given
stock is reinforced, therefore, depends on the price dynamics of (i) the stock it self, (ii)
2
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the market, and (iii) the stock relative to the market. The model closest to ours is due to
Dixon (2000) who introduce the concept of a dynamic market benchmark in the context of
a repeated Cournot oligopoly.4 Basically, in our model, investors attach more weight to the
relative performance when the market is going up, and care more about the stocks’ absolute
performance and less about the market when the market is going down.
We think that this extension of reinforcement theory, when applied to investment decisions, relies on important insights from behavioral economics and investor psychology. Conventional economic theories assume that an agent derives utility from final levels of wealth
or consumption, and beliefs only enter into this framework as the weights on utilities from
different states when the agent contemplates subjective expected utilities. However, people
may also derive utility from information and beliefs (see e.g. Yariv, 2001). Particularly relevant is the finding of the ‘ostrich effect’ (Karlsson et al., 2009), according to which people
are more willing to actively collect and process information under good prior news, but tend
to ignore information following bad prior news. This is in accordance with the proposal
of Galai and Sade (2006) that people may avoid “apparently risky financial situations by
pretending they do not exist".5 The reason for behaving in this way is that people derive
some sort of utility from holding an optimistic expectation, but face a tradeoff between benefits from biased belief and bad decisions (see e.g. Akerlof and Dickens, 1982; Brunnermeier
and Parker, 2005). In our case, when the market is performing badly, investors may be
less likely to search and process information about the market performance, which makes
their belief-updating less frequent and the use of relative return as reinforcement sources
less likely. Conversely, when the market is performing well, investors pay more attention to
the market, placing more weight on relative returns, and potentially update their reference
points (Kőszegi and Rabin, 2006) or aspiration levels (Bendor et al., 2001) more frequently
according to the market benchmark. This type of behavior is also consistent with ‘confir4

See also Tietz and Weber (1972); Weber (2003) for related experimental evidence, and Nax et al. (2013a);
Nax (2015); Nax and Pradelski (2015) for related aspiration adjustment models.
5
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mation bias theory’ (Rabin and Schrag, 1999), according to which people hold optimistic
prior belief about the market and misinterpret disconfirming evidence (in the spirit of various
other theories including cognitive dissonance (Akerlof and Dickens, 1982), positive self-image
(Eil and Rao, 2011), and wishful thinking (Mayraz, 2011)).
In this present study, we find that this proposition is not only plausible, but also empirically valid. We use data of individual trading records from a large discount brokerage
firm covering trades in the years 1991 to 1996 (the same data as used in Strahilevitz et al.
(2011)). We conduct survival analysis on all stocks sold to model their subsequent repurchases. Strahilevitz et al. (2011) find that investors repurchase more previously sold winners
than losers, but we find that this is not the whole story. We computed the market returns
during the holding periods before previous sales. By separating stocks sold during up/down
markets, we identify that stocks with positive absolute returns lower than the market return
were less likely to be repurchased than stocks that had negative return in up markets, a
result that cannot be generated by a model with only absolute returns as the sources of reinforcement. By contrast, introducing relative returns in down markets did not create much
difference. This pattern lends support to our model.
Another strand of related literature is the empirical study of investor buying and selling
decisions. There is an agreement over the kind of stocks investors sell, consistent with the
‘disposition effect’ (Shefrin and Statman, 1985), i.e. they sell stocks that had good recent
performance and hold those that had bad recent performance (see e.g. Odean, 1998), and
this bias persists as investors become more experienced/‘sophisticated’ (Feng and Seasholes,
2005). In terms of buying, Odean (1999) finds that investors purchase stocks that have
abnormally large positive or negative returns, possibly because these stocks attract their
attention. Barber and Odean (2008) also find individual investors prefer to buy attentiongrabbing stocks. Additionally, most studies agree that individual investors are net buyers
of stocks that had bad recent performance, using a contrarian strategy (e.g. Grinblatt and
Keloharju, 2001; Kaniel et al., 2008; Goetzmann and Massa, 2002) as if they believe in
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mean reversion.6 A couple of things are noteworthy. Firstly, the adoption of reinforcement
strategies as we describe here can reduce the cognitive load of investors with limited attention, because previously sold stocks are a natural subset of stocks that attract attention;
and possibly due to cognitive dissonance (or ego utility), it is cognitively more justifiable
to continue monitoring previously sold winners. On the other hand, reinforcement-based
strategies differ from studies of simple contrarian (or ‘momentum’) strategies, because they
require prior ownership and experienced gain/loss. But in order to account for the tendency
to use contrarian or momentum strategies, our analysis controls for the performance of stocks
subsequent to prior sales. On average, there should be no reason for investors to believe in
continuation or mean reversion on stocks from which they gained or lost.
The rest of this note is structured as follows. Next, we introduce the formal model and
formulate our hypotheses. In section three, we describe our data. Section four contains the
results. Section five concludes.

2

The model
Suppose some investor i, in some period t, decides which stock S to purchase from some

set of stocks S that he monitors, including potential repurchase of stocks he previously
owned. Write sti = 1 for the decision to purchase, and sti = 0 for the decision not to purchase
t
stock S. Based on Erev and Roth (1998), we define qiS
to be i’s propensity to purchase
t+1
t+1
t
= qiS
+ RiS
,
any given stock S ∈ S at time t. This propensity is updated such that qiS
t+1
where RiS
is the current reinforcement i received on S.7 Propensities translates into a
t+1 P
t+1
λqiS
probabilistic choice rule via pt+1
/ R∈S eλqiR .8
iS = e

The case considered in Erev and Roth (1998) is one of repeatedly playing the same
6

Strahilevitz et al. (2011) find that investors are more likely to repurchase stocks that declined in value
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underlying game, in which case it is convenient to express a reinforcement received by agent
t+1
i from choosing strategy S in period t by the simple equation RiS
= φtS − φiS , i.e. as

the difference between the realized payoff of playing S minus φiS , the smallest possible
payoff i considers for S. So Ri6t+1
S represents the reinforcement on not choosing strategy S.
Here, the smallest possible payoff occurs in some way when the stock loses all its value.
However, in our setting, it is more reasonable to think of φiS as a ‘reference point’. In a
market setting, reasonable reference points are not complete loss of the value of a stock,
but rather either the status quo, i.e. a return of 0 as in Strahilevitz et al. (2011), or the
market return.9 Denote by φtiS , in our setup, the return to stock S for investor i in period
t
t
t
t, i.e. as φtiS = (πiS
(sell) − πiS
(buy))/(πiS
(buy)) where π is the price, and by φt the market

performance over the same period. Denote by ∆tS the difference between stock and market
performances, i.e. the relative performance of stock S, ∆tS = φtS − φt . Since our investors
operate in a market setting, there are two ways to adapt this formulation:
t+1
t
Isolated view. RiS
= −Ri6t+1
S = φS ; the agent takes in no information about the market

performance.
t+1
t
Market perspective. RiS
= −Ri6t+1
S = ∆S ; the agent compares the stock performance to

the market performance.

2.1

Hypotheses

Qualitatively, there are six different market situations depending on the direction of
performances of (i) the market, (ii) the stock, and (iii) the stock relative to the market.
If the market went up, own stock performance can be either negative or positive. When
positive, it can be under- or overperforming relative to the market. Similarly, if the market
went down, stock performance can be negative or positive. When negative, it can be underor overperforming relative to the market.
9

These are two natural reference points. Other potential benchmarks may exist, such as the investor’s
previous performance, or return to any reference stock the investor chooses, but we do not consider these
here.
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Our hypotheses are summarized by the following model. We assume that every investor
t+1
uses an admixture of the two views so that, for some variable weight % ∈ (0, 1), RiS
=

%(φt )∆tS + (1 − %(φt ))φtS . The precise weight %(φt ) depends on and increases with the market
performance such that %0 > 0.
Experience from previous performances matters. Importantly, the role of the market in
influencing individual’s assessment of their past performances, especially in terms of how
much attention is paid to the market benchmark, is asymmetric as regards increasing versus
decreasing markets. Our model presumes that investors dynamically adjust their benchmark
and source of reinforcement according to how they wishfully allocate attention during different market conditions. Put bluntly, in increasing markets, investors appear to believe in the
market and in market momentum, therefore reinforcing only those stocks that outperformed
the market. By contrast, in decreasing markets, investors appear to be skeptical of the market overall and choose to focus on their own portfolio. Loosely in the spirit of Erev et al.
(2008), we therefore ascribe behaviors with a flavor of loss-aversion (Tversky and Kahneman,
1991) to dynamic reinforcement adjustments. Future laboratory experiments are in planning
that would allow to elicit these issues precisely.

3

The data
We rely on the well-known dataset first used in Barber and Odean (2000), and readers

should consult their paper for details.10 The data consists of detailed trading records and
position statements of 78,000 actively trading households in a discount brokerage firm in the
US, together with details of the relevant demographic information for each account holder.
Trading data comprises activity from January 1991 through December 1996. Recorded
transactions include trading of common stocks, mutual funds, ADRs and some other financial
assets, whereas we focus on common stock trading. Among all households, 66,465 of them
had common stock positions within the sample period for at least one month, while on average
10
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60 percent of the market value of their accounts were invested in common stocks; and common
stock trading accounted for slightly more than 60 percent of approximately 3 million trades.
The data contain the amount and prices bought and sold together with commissions for each
transaction. The position statements contain the end-of-month statements of stocks in each
portfolio and their equity values. Other relevant information, such as market price, return
and volume, is taken from the Center for Research on Securities Prices (CRSP) database.
For tax and other reasons, the average household in the dataset held roughly two accounts.
In our analysis, we treat each household as an individual, which means all accounts that
belong to one household are put together when counting repurchases.

4

Results
Strahilevitz et al. (2011) have used the same data as we use here to calculate the aggre-

gate proportions of previous winners repurchased (PWR), and of previous losers repurchased
(PLR). They show that the difference between these proportions is statistically significant,
for both taxable and tax-exempt accounts. Then they used survival analysis (the Cox proportional hazard model) to perform a detailed comparison between previous winners and
losers. Their results can be conveniently summarized in Figure 1. In the figure, the horizontal axis represents the return on previous sales. The red and blue curves are for stocks
whose price increased and decreased respectively after sale. The (roughly) positively sloped
curves demonstrate the naïve reinforcement learning bias in repurchases. However, their
test implicitly assumes that investors use absolute returns on previous sales as the source
of reinforcement. We argue that they did not uncover the true effects of prior experience,
in that existence of the bias can depend on market performances, and thus relative return
matters sometimes depending on market environment.
[Insert Figure 1 approximately here.]
In order to derive our empirical results, we adopt a similar methodology as in Strahilevitz
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et al. (2011) with several important modifications. For each sale made before January 1, 1996,
we generate a binary variable that is equal to 1 if the stock was subsequently repurchased
within a year, and 0 otherwise. We focus on repurchases within a year because we want to
allow all sales to have equal-sized opportunity windows for subsequent repurchases. Survival
analysis explicitly models time to an event. With each sale as an observation, the event
of interest is the repurchase, and the return from previous sale is the main explanatory
covariate. Instead of using the nonparametric survival analysis as in Strahilevitz et al. (2011),
we use the hazard model with Weibull error distribution function to capture the monotonic
relationship between the probability of repurchase and time. The binary dependent variable
of repurchasing is regressed on the baseline hazard rate and the matrix of other covariates, X,
whereas the Weibull hazard and survival functions can be conveniently expressed as follows,

h(t, p, X) = ptp−1 eXβ ,
Xβ tp

S(t, p, X) = e−e

,

(1)
(2)

where t is time, and p the parameter to be estimated that accounts for the shape of the
baseline hazard function. The baseline hazard rate is h0 (t) = ptp−1 . The results below also
contain an intercept β0 , which serves as a scaling factor for the baseline hazard function
h0 (t) exp(β0 ). To justify the use of this parametric form, Jiao (2015b) graphically shows
that the number of repurchases is decreasing in time, which corresponds to a consistently
significant estimate of 0 < p < 1.
Our survival analysis includes the following control variables that might also influence
the probability of repurchase. The inverse holding period, which accounts for the number
of days a stock was held before it was previously sold. The log of relative trading volume,
which is the volume of all trades of a stock measured in dollars in the previous year divided
by the total volume of all trades of all stocks. Also included was a set of return measures
for different time horizons (5, 10, 21, 42, 63, 126 trading days) after the stock was sold.
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Strahilevitz et al. (2011) find that investors in this dataset were more likely to repurchase
a stock if it decreased in value after being sold. So these return measures were included to
capture that. Their coefficients were all significant, but will not be reported.
We first introduce market performances into the survival analysis; results are reported in
Table 1. The main covariates are those that account for previous sales returns. We generate a
pair of binary variables, P os and N eg, equal to 1 when the previous sales return was positive
and negative respectively. In regressions (1) and (2) for all stocks in all market conditions,
we introduce another binary variable SameD that is equal to 1 when the stock moved in
the same direction as the market during the holding period before the stock’s previous sale,
where market performance is calculated using a buy and hold strategy on the S&P 500 index
within that holding period.11 Then we interacted the sales return dummies with SameD.
The coefficients represent the marginal effects of the covariates: for survival analysis, ceteris
paribus, that is the effect of a change of a covariate by 1 unit on the hazard rate. Regression
(1) is for previous winners: when the market is moving down, a previously sold winner
was about 2.581 times more likely to be repurchased than other stocks previously held; but
when the market was also moving up, the absolute winner was only 2.581 × 1.472 × 0.448 =
1.702 times more likely repurchased. Regression (2) reveals that a previously sold loser was
1 − 0.412 = 0.598 times less likely repurchased when the market moving up; and when the
market was also moving down, the absolute loser was 1 − 0.412 × 0.697 × 2.117 = 0.392
times less likely repurchased. Therefore, an absolute winner was more attractive and an
absolute loser was less unattractive in a downward-trending market than in an upwardtrending market.
[Insert Table 1 approximately here.]
To test it in another way, in regressions (3) and (4) of Table 1, we separate up and down
market conditions and introduce a binary variable P osrelSP that is equal to 1 when the
absolute performance of a stock is higher than the S&P 500 return during the same period,
11

To check robustness, we also tried using the value-weighted market performance, which yielded similar
results.
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and 0 otherwise. The results can be conveniently summarized in Table 2. Firstly, when the
market is trending upward, the absolute return on a stock can be positive and better than the
market (Region 1 in Table 2), positive but worse than the market (Region 2), or negative and
of course worse than the market (Region 3). Region 3 is the default in baseline hazard ratio to
which we are comparing with. Correspondingly, in Region 1, P os = 1 and P osrelSP = 1, so
that stocks with previous sales return in this category were 0.878 × 2.207 = 1.938 times more
likely to be repurchased; in Region 2, P os = 1 and P osrelSP = 0, and these stocks were
1 − 0.878 = 0.122 times less likely repurchased. This is already surprising, given the finding
in Strahilevitz et al. (2011) that stocks with previous positive absolute returns should be
more likely repurchased than those with negative absolute returns. By contrast, we find that
positive absolute returns were not always reinforcing, especially when they are worse than the
market performance, which is hard to reconcile with the simple naïve reinforcement learning
model. On the other hand, the effects of positive absolute returns are not so surprising when
the market was trending down: stocks with positive absolute returns were repurchased more
than stocks with negative absolute returns; stocks that performed better than the market
were repurchased more than stocks that performed worse.
[Insert Table 2 approximately here.]
To check the robustness of these results, in regressions (5) and (6) we use the same
method as above, but with a different measure of market performance, i.e. the performance of
matching CRSP cap-based portfolios within the holding period of the stock. The rationale for
checking this is that individual investors may care less about the overall performance of the
market than about monitoring performance of stocks that are of similar market capitalization
as the stocks they held. Therefore, according to the stock’s year-end capitalization portfolio
assignment of the previous year, we calculate the performance of a buy-and-hold strategy
on the stock’s matching cap-based portfolio within the holding period of the its original
sale. Variable P osrelCap is a binary variable that is equal to 1 when the performance of a
stock is better than its corresponding cap-based portfolio, and 0 otherwise. The results are
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consistent with those using the S&P 500 return as the market benchmark.
Therefore, we propose that the above-documented empirical regulation is consistent with
our model in which investors adopt different sources of reinforcement under different market
conditions. Still using the S&P 500 return as the benchmark, we introduce a measure of
relative return that is the difference between the stock’s absolute return and the market return. In order to be comparable to Strahilevitz et al. (2011), the following survival analysis
investigates the effect of different levels of return, instead of just its sign. To do this, we
introduce a series of binary variables, that are equal to 1 when the (absolute or relative) return falls into some return brackets. Particularly, the lowest bracket includes returns below
-46%; starting from -46% each bracket has a width of 4% to up 66%; and the last bracket
includes returns above 66%. The regression results are reported visually in Figure 2. Panel A
plots the hazard rates with the absolute return on original sale measured on the horizontal
axis. The red curve includes all sales, replicating the results in Strahilevitz et al. (2011)
that stocks with positive absolute previous sales returns were more likely repurchased than
those sold at absolute loss. The blue curve in Panel A is only for sales that yielded negative
relative return when the market went up, i.e. cases corresponding to Regions 2 and 3 in
Table 2.12 The result clearly indicates that when the market return was positive, a positive
absolute return that is worse than the market can be less reinforcing, making it even less
likely repurchased than stocks with negative absolute returns. However, under such market
condition, investors biased towards positive relative returns. Panel B of Figure 2 measures
relative returns on the horizontal axis, whereas the blue and red curves represent upward
and downward-trending market conditions, respectively. Both curves suggest that stocks
with positive relative return on original sale were more likely repurchased than stocks with
negative relative return, whereas the same value of relative returns were more reinforcing in
downward market conditions. This suggests that investors were probably not always using
the naïve reinforcement learning strategy based on absolute returns, but they kept an eye
12
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on the market, at least sometimes, as if they are using weighted averages of absolute and
relative returns as the source of reinforcement, adjusting the weights dynamically according
to the market conditions. When the market performed well, they switched from using absolute return to using relative return as the source of reinforcement, though still pursuing
a reinforcement-type strategy. The reason for doing this could be that individual investors’
allocation of attention subject to the ostrich effect, or that they update expectation as reference point and expect better outcomes on own portfolio when the market performs well.
Further evidence is required to verify these potential underlying mechanisms.
[Insert Figure 2 approximately here.]

5

Conclusion
Despite the existence of more and less sophisticated forecasting models, the stock market

remains a changing environment with uncertain prospects. Outside finance and economics,
for example in behavioral psychology, it would be natural to assume that agents in such an
environment follow satisficing and reinforcement behaviors instead of optimization and forecasting strategies. Only recently has the importance of such behaviors been acknowledged
in economics and finance, in particular in the context of investors’ decisions to repurchase
stocks. Here, we identified a crucial new component in such decisions: the market performance as a benchmark, i.e the relative return as a source of reinforcement. We found that
investors compare the performance of stocks they previously held with the performance of
the market as a benchmark. Crucially, investors process this information in a way that places
more weight on the relative performance when the market is going up, and more weight on a
stocks’ absolute performance (and less on the market) when the market is going down. This
asymmetry indicates an important bias in impulse selection. There is enormous scope for
furthering our understanding of such biases, and of reinforcement behaviors in general, in
financial markets. Our own future work will focus on the role of the market in more general
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investment decisions.
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Table 1: Reinforcement Learning Bias under Different Market Conditions
This table reports the survival analysis results regarding the effects of positive and negative
previous sales returns under different market conditions. P os (N eg) is a binary variable
that is equal to 1 when the absolute return on original sale was positive; SameD is a binary
variable that is equal to 1 when the absolute return had the same sign as S&P 500 return
within the holding period, and 0 otherwise; P osrelSP (or P osrelCap) is a binary variable
that is equal to 1 when the return relative to S&P 500 (or matching CRSP cap-based
portfolio) was positive, and 0 otherwise; control variables include inverse holding period, log
relative abnormal
volume
and return subsequent to original sale. Robust standard errors
Table
1
clustered by households are in parentheses. Regressions (1) and (2) include all market
This table reports the survival analyses results regarding … The control variables are included but not
conditions, (3) and
(4) only for up markets, (5) and (6) only for down markets.(*** p < 0.01,
reported. Hazard ratios of the covariates are reported. Clustered standard errors are in parentheses.
** p < 0.05, * p(***
< 0.10)
p<0.01, ** p<0.05, * p<0.10)
(1)
Pos

2.581***
(0.068)

Neg
SameD
Pos×SameD

(2)

1.472***
(0.027)
0.448***
(0.012)

(3)
UP
0.878***
(0.020)

(4)
DOWN
1.618***
(0.075)

2.207***
(0.044)

1.137***
(0.051)

0.429
(0.004)
80,605

Yes

Yes

Yes

Yes

2.239***
(0.040)
Yes

0.440
(0.004)
490,158

0.440
(0.004)
490,158

0.469
(0.003)
389,265

0.433
(0.004)
88,872

0.468
(0.003)
387,002

PosrelCap

Figure 1 BOS’s Figure 1

Figure 2 Our Figure

1.136***
(0.052)
Yes

0.412***
(0.011)
0.697***
(0.010)

PosrelSP

N

(6)
DOWN
1.628***
(0.076)

2.117***
(0.562)

Neg×SameD

Control
Varriables
p

(5)
UP
0.895***
(0.019)
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Table 2: Comparison of Hazard Rates in Up and Down Markets
This table is a comparison of hazard rates in up and down market conditions. We distinguish a total of six cases: 1-absolute return>market return>0; 2-market return>absolute
return>0; 3-market return>0>absolute return; 4-absolute return>0>market return; 50>absolute return>market return; 6-0>market return>absolute return. The hazard rates
were calculated based on survival analysis results in Table 1. Regions 3 and 6 are embedded in the baseline hazard rates in the survival analysis. The 95% Confidence Intervals of
the hazard rates are reported. The market performance benchmark used are S&P 500 and
cap-based portfolios
Table 2 respectively in the upper and lower panels.
Up Market

Region
1
2
3
1
2
3

Down Market

Hazard Ratio
95% CI
Region Hazard Ratio
95% CI
Market performance measured using S&P 500
1.938
(1.782, 2.107) 4
1.840
(1.537, 2.201)
0.878
(0.840, 0.918) 5
1.137
(1.040, 1.242)
Default=1
N/A
6
Default=1
N/A
Market performance measured using cap-based portfolios
2.004
(1.854, 2.164) 4
1.849
(1.540, 2.221)
0.895
(0.858, 0.933) 5
1.136
(1.037, 1.244)
Default=1
N/A
6
Default=1
N/A
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p
N

0.440
(0.004)
490,158

0.440
(0.004)
490,158

0.469
(0.003)
389,265

0.433
(0.004)
88,872

0.468
(0.003)
387,002

0.429
(0.004)
80,605

Figure 1 BOS’s Figure 1

Figure 1: The Naïve Reinforcement Learning in Strahilevitz et al. (2011)
Note: This is Figure 1 in Strahilevitz et al. (2011) which demonstrates that stocks previously
sold at gain were more likely repurchased than stocks previously sold at loss. The horizontal
axis is the absolute return on original sale, and the vertical axis is the hazard rate relative
zero return on original sale. The blue and red curves distinguish stocks that declined and
those that increased in value subsequent to being sold. The 95% confidence intervals were
added.
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1.8
1.6
1.4
1.2

All
95% CI for All
Up & ReltoSP<0
95% CI for UP & ReltoSP<0

1

0.8
0.6
0.4

0.2
0
-0.46
-0.42
-0.38
-0.34
-0.3
-0.26
-0.22
-0.18
-0.14
-0.1
-0.06
-0.02
0.02
0.06
0.1
0.14
0.18
0.22
0.26
0.3
0.34
0.38
0.42
0.46
0.5
0.54
0.58
0.62
0.66

Hazard Rate Relative to Zero Return on Sale

Figure 2 Our Figure

Absolute Return on Original Sale

3.5
3
2.5

2

Up Mkt
95% CI for Up
Down Mkt
95% CI for Down

1.5
1
0.5

0
-0.46
-0.42
-0.38
-0.34
-0.3
-0.26
-0.22
-0.18
-0.14
-0.1
-0.06
-0.02
0.02
0.06
0.1
0.14
0.18
0.22
0.26
0.3
0.34
0.38
0.42
0.46
0.5
0.54
0.58
0.62
0.66

Hazard Rate Relative to Zero Return on Sale

Panel A

Relative Return on Original Sale

Panel B

Figure 2: Hazard Rates using Absolute and Relative Returns
Note: This figure depicts the hazard rate of repurchases relative to zero return on sale
against absolute return (in Panel A) and relative return (in Panel B) on original sale of the
stock. The figures were plotted using the hazard rates from the survival analysis with the
categorical return dummy variables as the covariates. In Panel A: the red line was plotted
with all sales, and the blue line include only sales that yielded negative return relative to
S&P 500 when the market return was positive. In Panel B: the red line was plotted for
sales made when the market return was negative, and the blue line was plotted for sales
made when the market return was positive. The blue line in PanThe dotted lines are 95%
confidence intervals. In Panel A, the last four coefficient values were not plotted because of
insignificance.
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