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ABSTRACT

I empirically show that investors tend to buy higher beta stocks following realized losses. This

behavior is observed in institutional as well as individual investors, but is more pronounced in

individual investors with lower expertise, who on an average buy a new stock with up to 15%

higher beta than that of the old stock they were holding. For an agent with utility consistent with

prospect theory, this behavior emerges as the optimal response to her problem of maximizing utility

within a mental account. Furthermore, this behavior can aggregate up during market downturns

and the beta anomaly can be partially attributed to this aggregation. With this insight, I suggest

a modification to the betting against beta trading strategy that can improve its Sharpe ratio by

more than twice.
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Do investors care about their past performance when considering which stock to buy? For a

rational investor, a sunk loss or windfall gain in the past should not affect her future portfolio

choice in an efficient market. However, studying stock transaction data from Finland, I find that

after realizing a loss, investors buy stocks with market beta significantly higher than that of the

old stocks they were holding. This choice of higher beta, abruptly jumps up on the loss side,

but does not continue to rise with increasing losses; on the profit side, the choice of beta remains

indistinguishable from beta of the old stock. Graphically, this manifests almost as a step function

that jumps on the negative side of the profit line. Through the rest of the paper I refer to this

behavior of acquiring higher beta stocks after a loss as the (beta) acquisition effect.
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Figure 1. Difference in Beta of Old Stock and the New Stock vs. Realized Return in
Percentages. The vertical axis is the difference in Beta computed as ∆β = βnew−βold. New beta
being the beta of the stock bought and old beta being the beta of the stock sold. The horizontal
axis is the realized profit from the buy-sell transaction in percentages. The solid line represents
the moving average line through fifty estimates of average ∆β computed for bins (each bin having
approximately equal number of observations) of profit. The dashed lines are 2 standard error
confidence intervals.

Although the empirical identification of acquisition effect is the main result, overall this paper

has three contributions. First, while the investor behavior literature is dominated by studies of stock

selling behavior– when investors sell a stock (Odean (1998)) or which stocks they sell (Hartzmark

(2014))– this paper is among the very few to study the buying behavior of investors. I study what

kind of risk investors buy into, conditional on their past performance. Second, I show that the

acquisition effect is not just an empirical feature of the data but can be explained theoretically.

Under assumptions commonly used in investor behavior literature, I show that the acquisition

effect emerges as the optimal response to an investor’s problem where she is maximizing her utility
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over gains from each investment. And third, I show that the betting against beta (BAB) strategy

proposed in Frazzini and Pedersen (2014) can be significantly improved upon with the behavioral

understanding of the acquisition effect. A modified BAB strategy is recommended in this paper,

which generates a Sharpe ratio more than twice that obtained from the standard BAB strategy.

The empirical analysis in this paper starts with non-parametric estimation of the change in beta

choice (∆β = βnew − βold) as a function of profit (loss) realized from the last trade. This choice of

non-parametric method is primarily based on two reasons. The first is to observe whether there is

any nonlinear pattern in the choice of beta as a function of the realized profit (loss). The second

reason is to avoid imposing any discontinuity if it does not occur naturally. From the result, where

∆β is plotted against realized dollar profit, the discontinuity around zero profit becomes clear (Fig.

1).

A more traditional linear regression approach is taken to control for multiple characteristics

simultaneously. The results remains consistent after controlling for beta of the old stock, changes

in idiosyncratic volatility, and lottery like characteristic (MAX factor of Bali, Cakici, and Whitelaw

(2011) and Bali, Brown, Murray, and Tang (2016)). The significance of the acquisition effect also

survives after including individual and time (year) fixed effects. This can be interpreted as the same

individual selling stocks of similar beta within the same year, but buying a stock of significantly

higher beta only when she sold one stock at a loss. Also no similar jump is found when the

estimation is done for change in idiosyncratic volatility (IVOL) rather than beta.

Individuals taking higher risk after a loss is not a novel finding. This has been discussed in the

literature (Black (1976)) and observed in experimental setups (Thaler and Johnson (1990)). But

standard theories do not explain this phenomenon very well. In an efficient market an investor

with standard utility should optimally choose the tangency portfolio (Markowitz (1952)) and thus

ideally should not pick individual stocks with specific risk profile depending on experienced loss or

gain. Alternate theories with nonstandard preferences have however explained investor behavior

better than standard normative theories. Prospect theory (Kahneman and Tversky (1979), Tversky

and Kahneman (1992)) and mental accounting (Thaler (1985)) are two such nonstandard theories

which intuitively seems to support the empirical finding of this paper. Using these two primary

assumptions I formalize this intuition in a model.

The first assumption is of an utility function consistent with the prospect theory (PT). This

utility function is of a nonstandard shape. It is concave in the domain of gains and convex in the

domain of losses with at kink at the break even point. This makes an individual risk averse in the

domain of profits and risk tolerant in the domain of losses. The kink imposes loss aversion such

that a loss hurts an individual more than a gain of similar magnitude pleases her.

The second assumption is mental accounting. Investors, rather than looking at their entire

financial situation to make normative decisions, look at smaller manageable components to make

heuristic decisions. In this paper I assume that investors ‘roll over’ their mental account from one

stock they just sold to a new stock they just bought within a finite period. Frydman, Hartzmark,

and Solomon (2016) finds evidence of rolled over mental account among individual investors and
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this concept is also consistent with the experimental findings in Imas (2016).

Additionally I assume the markets follow CAPM. In order to accommodate the empirically

observed flat security market line I also use a more general 2-factor model (Jensen, Black, and

Scholes (1972)) which can be reduced to CAPM. Using the assumption of CAPM or the two-factor

model leads to a stock being completely specified by its beta.

Using the main assumptions – utility function consistent with PT, rolling mental account and

a CAPM market– an agent’s finite period problem of a single mental account can be solved in

closed form. From the solution, it can be inferred that after a loss the optimal beta demanded by

the investor is extremely high. When the problem is solved numerically, the plot of optimal beta

against profit turns out to be very similar to the empirical result obtained.

The conclusions obtained from the model can be explained intuitively. After making a loss, if

the investor rolls over her mental account she is on the convex domain of her utility function. Here

losses hurt much less can gains provide utility, hence she is willing to take higher risk. The fact

that she chooses higher beta as a measure of risk can also be explained. In the convex domain the

investor preferred optimal volatility is higher. Now she can increase her volatility in two ways, she

can increase beta which comes with higher mean return or she can increase IVOL which does not

come with higher mean return. There are other behavioral explanation and evidence from other

literature regarding investors paying attention to only beta, which I describe in detail in section

I.C.

The theoretical result reinforces the argument that the acquisition effect is behavioral. Now,

I attempt to address the question – does this behavior cause pricing distortions? The question

is important because a probable market pricing distortion arising from aggregating an individual

behavioral effect makes the effect an even more important phenomenon to study. I argue that the

acquisition effect when aggregated across investors will lead to higher than usual demand for high

beta stocks. And higher than usual demand for high beta stocks is the reason for the beta anomaly

(high abnormal return of low beta stocks; Jensen et al. (1972)). So rather than identifying a new

pricing distortion I am attributing an existing one viz the beta anomaly to the acquisition effect.

If indeed demand for high beta can even partially be attributable to the acquisition effect, we

can predict some time variation in it. Given that individuals demand high beta stocks after a

loss, combined with the fact that a large fraction of investors buy a stock on the same day or the

day after making a loss (Fig. C.8), I hypothesize that demand for high beta stocks will be higher

on negative market return days and the day after. This predictable variation in demand can be

utilized in a trading strategy.

An unconstrained arbitrageur, trying to exploit the beta anomaly, will use the betting against

beta (BAB) developed in Frazzini and Pedersen (2014). Based on the hypothesis of time varying

demand for high beta stocks, the BAB returns should be weakened or even reversed on negative

market return days and perhaps the day after. I find evidence of this in CRSP and suggest a

strategy where one should bet against the beta on ‘normal’ days and bet with the beta on the day

after a negative market return. This strategy generates a Sharpe ratio more than twice as high as
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that obtained by a daily adjusted betting against beta strategy.

The rest of the paper is laid out as follows. Section I is the empirical section. This section

describes the Finnish trading data and the methodology used, it presents the results and describes

in detail why individuals might be paying attention particularly to beta as a measure of risk.

Section II develops a theory based out on mental accounting and prospect theory and generates a

qualitative result similar to the empirical finding. Section III develops the modified betting against

beta strategy based on the behavioral understanding of demand for higher beta stocks after a loss.

Using CRSP data I demonstrates the modified strategy’s performance compared to the original

BAB strategy. Section IV concludes. The conclusion is followed by references, appendices and a

section on tables and figures.
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I. Empirical Analysis

Using individual investor data, I attempt to study the stock buying behavior, particularly

whether the choice of riskiness of a newly bought stock depends on the loss or gain experienced

in the immediate past. For the analysis, both non-parametric and linear regression analysis are

carried out. I start by describing the data in detail.

A. Data

The main data used in this paper is individual investor stock transaction data from Finland

between 02 Jan 1995 and 29 June 2009. Transaction for stocks and derivatives are available for

only those listed in the Finnish stock exchange. Only stock data was used for this analysis.

The number of stocks, for which return data between 1995 to 2009 could be obtained, is 292.

These stocks span almost 80% of all available transactions. The number of available stocks vary

across 1995 to 2009. On an average there are approximately 151 stocks every day.

Daily transaction data is available for each individual account holder along with transaction

price and transaction quantity. The time of a transaction within a day however is not available

and so there is no way to obtain the sequence of transactions within each date. Furthermore,

by observing the data, it seems plausible that a larger order placed on a single stock often gets

executed in multiple chunks which then get registered as multiple transactions on the same stock

by an individual account holder on the same date. Hence for each individual account multiple

transactions in the same stock on the same date are summed up, so that the individual can have

at most one buy and one sell per stock per day.

The aggregated transaction price is determined as the transaction quantity weighted average

transaction price. For example if there are 5 sells, 10 buy and 10 further sell transactions by an

individual in the same stock on the same date at prices $39, $40 and $41 respectively, I aggregate

them into one buy and one sell. In the aggregated data, the individual will have one buy transaction

of 10 stocks at $40 and one sell transaction of 15 stocks at $40.33.

In all there are 862,726 active accounts with at least one transaction in observed period. There

are 20,301,164 net transactions with an average of 23.53 transactions per account. The average

length of an account is 5.3 years. Average number of stocks held together by an individual at

any point of time is 1.98 which indicates an extremely under-diversified portfolio on average; the

average standard deviation of the number of stocks held by an individual is 0.81. The average

time between two transactions is .99 years and the average standard deviation is 1.03 which implies

quite a large dispersion in this characteristic and also indicates that the average individual investor

trades quite infrequently. In spite of this very large set of available data, due to strict selection

criteria described below, the final sample used for analysis is much smaller. In Table C.2, I produce

the summary statistics of all the accounts as well as the more cleanly identified subsample used in

this paper.

The intention is to study stock buying behavior of individuals based on profit or loss realized
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in the immediate past. Thus, it is necessary to identify a realized profit or loss unambiguously,

followed by a buy transaction. Fig. 2 illustrates the sequence of trades that comprise a single data

point in the empirical study.

buy N1 > 0 sell N2(N1 ≥ N2 > 0) buy N3 > 0 shares of

shares of A (old stock) // shares of A // new stock B

at t = t1 at t2 > t1 at t3 > t2

Figure 2. Transaction Sequence in Each Data Point: For each data point in the empirical
analysis, an individual buys shares of stock A which has no preexisting balance and then sells A,
referred to as the old stock, partially or fully, which leads to unambiguous realized profit or loss
followed by another buy of a different stock B, referred to as the new stock, with no preexisting
balance.

Each data point in the final sample of the analysis comprises three particular transactions,

carried out by an individual investor in the following sequence sequence. First, at time t1 a investor

buys a positive number of shares N1 > 0 of any stock A, also referred to as the old stock; and this

buy has to be a ‘first buy’– which means that there should be no preexisting balance of stock A in

the investor’s account. The second transaction at time t2 > t1 needs to be such that the investor

sells N2 shares of her holdings in stock A, such that N1 ≥ N2 > 0. And finally the third transaction

has be to a buy transaction at time t3 > t2 where she buys a positive number of shares N3 > 0 of

a different stock B. The time gap defined as t3 − t2 can be one month or 21 trading days unless

otherwise mentioned.

The selection criteria described above leads to accounts with above average transactions and

above median number of stocks in the portfolio. These accounts have relatively better diversified

portfolios and they trade relatively more frequently. Although they comprise only 8.89% of the

total number of accounts, they are responsible for 30.29% of total transactions.

B. Method and Results

The realized percentage profit from each pair of buy-sell transactions is calculated as Π% =

P2/P1 − 1, where P2 and P1 are prices of the old stock at times t2 and t1 respectively, while dollar

profit is calculated as Π$ = (P2 − P1)N2 where N2 is the number of stocks sold at t2.

Beta, volatility and idiosyncratic volatility is computed for each stock. Beta of a stock is

computed as the ratio of the co-variance of the stock return to the market return and the variance

of the market, βi = Cov(Ri, Rm) where Ri is the daily return of stock i and Rm is the market return.

The market return, Rm is computed as the market capital weighted return of all available stocks and

the maximum weight assigned to one stock is capped at 10%. Volatility is simply the square root of

the variance σi =
√
V ar(Ri). And idiosyncratic volatility is computed as IV OLi =

√
(σ2
i − β2

i σ
2
m)

where σm is the volatility of the market return.
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The time series average of the daily average market capital weighted beta is 0.99. The time series

average of market capital weighted daily volatility is 2.25%. Table (C.1) provides the summary

statistics of the stocks. All statistics are estimated daily, using data of past one year(250 trading

days) not including the current day. Additionally, the jump is the choice of beta, ∆β = βnew−βold
is estimated for the analysis. And this uses the betas estimated on date t3 for both the stocks.

B.1. Non-Parametric Estimation

In order to estimate the difference in choice of beta, between the new and the old stock, as a

function of immediate profit a non-parametric approach is taken. The percentage holding period

profit, Π%, realized by selling the old stock is sorted into fifty bins or semi-percentiles where each bin

j = 1 . . . 50 contains approximately equal number of observations Nj . The median percentage profit

Πmed
%,j for each bin is also noted. I compute the average jump in beta choice as ∆βj =

1

Nj

∑
i∈binj

∆βi

for each bin. ∆βj is plotted against Π%,j . As seen in Fig.(1), this demonstrates a clear jump in the

choice of beta of the new stock right when the investor makes a loss. This is the main empirical

identification of the acquisition bias.

A very similar figure is obtained when the above exercise is carried out for Π$ rather than Π%

and is presented as Fig.(C.2). The non-parametric estimate of ∆β as a function of dollar profit is

also carried out after splitting the sample into less frequent trades and more frequent traders. The

plots in Fig. C.3 and Fig. C.4 display very similar shapes but significantly different magnitude of

the jump. Less frequent traders appear to choose a stock with 15% higher beta when they make a

small loss, while the effect for higher frequency traders is around 7%.

A more formal non-parametric kernel regression (Nadaraya (1964); Watson (1964)) is carried

out using a Gaussian kernel. I use a rule of thumb (Silverman, 1986, p. 45-47) to estimate the

bandwidth, h.

h = 1.06× σΠ

n1/5

where σΠ is the sample standard deviation of the independent variable and n is the sample size. This

rule of thumb satisfies the two conditions necessary for the estimate to be consistent: limn→∞ h = 0

and limn→∞ nh = ∞. The non-parametric function f(Π) at any profit (loss), Π can be estimated

as:

f̂(Π) =

∑n
i=1 φ(Π−Πi

h )∆βi∑n
i=1 φ(Π−Πi

h )
(1)

where φ() is the standard normal distribution. The estimated function is plotted for a series of

profits (losses) around zero in Fig.(3). The discontinuity is again visible clearly.

Using a similar setup, I also plot the non parametric estimate corresponding to the difference

in volatility, ∆σ = σnew − σold and idiosyncratic volatility ∆IV OL = IV OLnew − IV OLold as a

function of the holding period profit (Fig. C.5b). This plot is most interesting in its lack of jump
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Figure 3. Difference in Beta of Old Stock and the New Stock vs. Realized Return.
This is a plot of the non-parametric kernel regression function ∆β̂ = f̂(Π), estimated for a range of
values of profit around zero, Π ∈ [−20%, 20%]. The solid blue line represents the plot through the
estimates while the gray area represents the two standard error confidence interval bootstrapped
from a thousand re-sampling. The vertical axis is the estimated difference in Beta ∆β = βnew−βold.
The horizontal axis is the realized profit from the buy-sell transaction during the holding period.

in ∆IV OL. This indicates that the investors might be choosing higher systematic risk or β rather

than choosing more volatile or lottery like stocks. And thus a small increase in ∆σ is noticed on

the negative return side. This increase is due to the jump in systematic risk and is small because

for individual stocks idiosyncratic risk makes up the largest part of volatility.

The plot of ∆IV OL and also ∆σ demonstrates a nontrivial hump shape. This is endogenous.

The stocks generating small gains or small losses can be expected to be of lower volatility than

the stocks generating more extreme losses or gains. Thus mechanically an average volatility stock

chosen after a small loss or gain will appear to have a higher volatility and idiosyncratic volatility;

similarly the sock chosen after extreme loss or gain will appear have lower volatility and idiosyncratic

volatility. This generates the hump shape. This also suggests that the stocks sold and then bought

are often not comparable along important dimensions and thus require a more traditional regression

analysis where multiple characteristics can be controlled for.
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B.2. Linear Regression Estimation

The choice of higher beta stock in the loss domain, as demonstrated by the nonparametric

estimation can also be tested using a linear regression model:

∆βi = C0 + C1DΠi<0 + C2Πi + C3ΠiDi + C ′Xi + εi (2)

where ∆βi = βi,new − βi,old is the difference in beta as defined earlier, C0 is the intercept, DΠi<0 is

an indicator variable which takes value 1 if the realized profit is negative, Π < 0. Π can be dollar

profit from last trade or total holding period percentage return. Along with Π, an interaction term

ΠiDi is included in the regression. The inclusion of the profit term allows for absorption of any

linear trend; the profit interacted with the indicator, allows this trend to be different across profit

and loss. Control variables are gathered as Xi. The regression is carried out assuming that the

errors are clustered at the date level. Several regression models with varying control variables are

estimated. The results of the regression are presented in Table I.

Regressions (1) through (5) demonstrate a significant jump in the beta chosen after a loss. As

seen in regression (1), after a loss, an individual investor chooses a stock with beta on an average

0.05 units greater than the old stock. The results from the linear regression are qualitatively similar

to the non-parametric analysis. For example in Fig. 3 we see that after a loss the choice of beta

increases on an average by 0.04 to 0.06 units.

In regression (2) I control for the volatility of the old stock and the difference in idiosyncratic

volatility ∆IV OL together. For regression (3) date level fixed effects are included. Regression (4)

includes individual fixed effect while regression (5) includes both individual and year fixed effects.

Date and individual fixed effects could not be included simultaneously. So the effect is significant

within an individual trading inside the same year.

I try to check whether similar jump in idiosyncratic volatility is present after controlling for

∆β. This result is presented in columns (6) and (7) of the same table (Table I), and although the

results can be argued to be statistically marginally significant, they are much weaker and take the

opposite sign. Also their economic significant is negligible.

In order to identify any non-linearity in the demand for beta, I take an approach similar to

the non-parametric estimation. Semi percentiles (fifty bins) of the holding period return, Π are

estimated. Median return, Pimedj is also estimated for each bin j (where j ∈ {1, 2, . . . , 50}). Fifty

dummy variables are defined corresponding to each bin. An otherwise zero valued dummy variable,

Dj takes the value one if Π is within the corresponding bin j. A linear regression is set up as:

∆βi = C0 + C1D1 + C2D2 + · · ·+ C49D49 + CΠΠ + CΠ′ΠiDi + C ′Xi + εi (3)

The regression is carried out with year and individual fixed effects and additionally the volatility

of the old stock and the change in idiosyncratic volatility is controlled for. The estimated value of

Cj is plotted against Πmed
j for all j ∈ {1, 2 . . . , 49} in Fig.(C.7a). Similar, a plot can be obtained

when the regression is carried out with ∆IV OL as the dependent variable, Fig.(C.7b).
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∆β ∆IV OL
(1) (2) (3) (4) (5) (6) (7)

DΠ<0 0.0515 0.0581 0.0405 0.0577 0.0547 -0.000229 -0.0000925
(13.92) (14.80) (11.99) (15.05) (14.53) (-2.30) (-1.60)

Π 0.00214 0.00416 0.00389 0.00406 0.00772 -0.000288 -0.0000646
(1.88) (3.05) (2.87) (2.55) (3.23) (-5.47) (-2.22)

DΠ<0 ×Π -0.0156 -0.0298 0.00575 -0.0251 -0.0288 0.00121 0.000332
(-2.51) (-2.81) (1.23) (-2.55) (-2.87) (3.30) (2.34)

σold -5.492 -11.01 -8.539 -17.43 -0.488 -0.872
(-36.91) (-56.58) (-48.32) (-54.48) (-102.06) (-218.15)

βold 0.00544 0.00472
(38.46) (38.31)

∆IV OL -2.255 -4.777 -3.623 -8.107
(-13.05) (-32.18) (-21.15) (-45.90)

∆β 0.00132 -0.000573
(13.29) (-6.74)

Constant 0.0294 0.190 0.361 0.281 0.300 0.00959 0.0204
(10.85) (37.99) (60.14) (48.27) (7.22) (64.10) (45.18)

Date F.E. X

Individual F.E. X X X

Year F.E. X X

Observations 554,436 554,436 554,436 554,436 554,436 554,436 554,436
Adjusted R2 0.002 0.019 0.079 0.080 0.117 0.242 0.479

t statistics in parentheses. Standard Error computed after date level clustering.

Table I: Regression with Individual Investor Data: The dependent variable in regressions
(1) through (5) is ∆β = βnew − βold while that in (6) and (7) is ∆IV OL = IV OLnew − IV OLold.
D{Π<0} is the dummy that takes value 1 when holding period return is negative, Π < 0. Π and
D{Π<0}×Π are included in the regression to absorb any trend which possibly differes in the positive
and negative domain of profit. For various regressions I control for the volatility and beta of the
old stock and also the difference in IVOL or difference in beta where applicable. For different
regressions, date, individual and year level fixed effects are also used; but only only the individual
and year level can be used together. For all the regressions stanadrd errors are computed by
clustering at the date level.

The plots in Fig. C.7 include a 95% confidence interval where the standard error is estimated

using date level clustering. The result is very similar to the non-parametric plots. Even after

controlling for necessary variations and fixed effects, and allowing the error to be clustered, the

jump in the choice of beta around the break even point is clear. And quite similar to the non-

parametric analysis, no significant jump is observed in the idiosyncratic volatility.

11



B.3. Interpretation & Extension of the Results

The non parametric estimation identifies that there is a jump in the optimal beta chosen after

realizing a loss. It is important to note that this increase in beta chosen in the loss domain is not a

trend. Investors are not choosing incrementally higher beta after making more and more loss, but

the choice includes a discontinuous jump.

As an example, the average magnitude of this jump for different bins of dollar profit and loss

for ‘non-expert’ individuals is listed in table C.3. It can be seen that the largest jump in the

choice of beta is 0.20 units and is at the smallest loss bin – between zero and eleven dollars of loss.

Larger losses all see a jump of beta around 0.15 units while in the profit side the choice of beta is

indistinguishable from the beta of the old stock. This cannot be explained from tax motivations,

portfolio readjustments or any other mechanical reasons.

The table C.3 also lists the dollar size of the transaction corresponding to the newly bought

stock. There is an expected increase in transaction size corresponding to larger profit or loss

bins. Otherwise the transaction sizes are quite consistent. This alleviates the concern that the

bin corresponding to the very small loss – between zero and eleven dollars – is comprising of only

some non-representative transactions where individuals may be experimenting with small sums of

money, possibly in penny stocks. This indicates that the the phenomenon is due to behavior of

investors and is not a feature of the data.

In order to support the hypothesis that the finding is indeed behavioral, I look at features

commonly associated with behavioral biases. For example sophisticated investors should be less

prone to such behavior. To check this I split the sample into two groups – ‘experts’ and ’non

experts’. I use three different measures to define expertise – frequency of trade, total observable

investment size and number of stocks held (diversity). I assume more frequent traders, people with

bigger investment and more diverse portfolios are ‘experts’. Non-parametric plots in Fig. C.6,

where expertise is defined by frequency of trade, indicate that indeed less sophisticated investors

exhibit higher acquisition effect as expected. For the other two measures of expertise the non

parametric plots have entirely overlapping confidence intervals and are thus inconclusive.

In a linear regression setup, however, the inference is clear. In the linear regressions, the

interaction term DΠ<0 × Dexp corresponds to negative profit and high ‘expertise’. In all three

measures of expertise, the coefficient corresponding to the interaction term takes a statistically

significant negative value, table C.9. This indicates that as expected, within individuals with

higher expertise, the acquisition effect is significantly lower.

Another clear measure of ‘expertise’ can be thought of as institutional investors, as opposed to

individuals. A limited institutional investor data set is available and contains only ‘non-financial’

institutions. I estimate the acquisition effect among institutional investors, using a linear regression

setup similar to the one used for individual investors. As observed from the results in table C.7

the effect is lower than what is observed in the sample of individual investors, albeit statistically

significant.

One other factor strongly associated with behavior of this kind is the effect of time. The time
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between the old stock being sold and the new stock being bought is referred to as the time gap.

If the time gap is large, then we might anticipate the acquisition effect to weaken. Before testing

this, it is worth pointing out that although individuals trade infrequent on average, approximately

once a quarter, the gap between selling the old stock and buying a new one is surprisingly low (Fig.

C.8).

In order to test whether the magnitude of acquisition effect varies with the time gap, I run

the usual regression on the data, allowing the time gap to be up to a year rather than the usual

one month. I split the sample into three groups and run the regression individually on them. The

first group corresponds to time gap within a quarter, in the second sample the time gap is above

one quarter but within half year and the third sample is for above half year time gap. And as

expected, the coefficient corresponding to the negative profit dummy, which is a measurement of

the acquisition effect decreases from a highly statistically significant 2.12% in the first sample to a

weakly significant 1.17% in the second sample to a statistically insignificant −0.15% in the third

and final sample (Table C.9) . This implies that as the time gap increases, the acquisition effect

weakens.

B.4. Robustness of the Results

The empirical result, which demonstrates that choice of beta jumps up sharply after a loss,

requires addressing some obvious methodological concerns explicitly. This is especially true because

I hypothesize that this feature is due to investor behavior which is inconsistent with standard utility

maximization framework.

One concern is that of endogeneity. For example, it might well be the case that the losses in

the sample are all coming from low beta stocks and investors are simply buying average beta stocks

which will then look like a relatively higher beta stock chosen after a loss. To address this I split

the sample in three groups of low, medium and high initial beta stocks and carry out the non

parametric estimation on them separately. The plots presented in Fig.(C.9) are largely consistent

with the main finding. Both the groups of investors having low and medium initial beta stocks seem

to demand higher beta stock after making a loss. The pattern is not the same for the group where

initial beta is high. This is not unexpected since with already high initial beta holdings the scope

for increasing beta any higher is limited. The same issue is also addressed in the linear regression

setup by controlling for the beta of the old stock which does not seem to affect the result.

The statistical significance of the results are also pushed by estimating the standard errors clus-

tered by different variables. The linear regressions models are estimated with the errors clustered

by date (Table I), by individual (Table C.4), by stock (Table C.5). And through all of these, the

results remain significant.

In order to ensure that the results are robust to the definition of the dependent variable, an

alternate is used. I run the linear regression with the log ratio of the new and the old beta,

log(βnew/βold) rather than the difference in the betas. The results remain significant and slightly

improve in magnitude (Table C.6).
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Another concern about the regression model is whether the effect in indeed in beta. There is

a literature that suggests that individuals demand lottery like stocks (Kumar (2009)) or stocks

with high skewness or stocks with good past short term performance as captured by the MAX5

factor. In Bali et al. (2011), the authors define the MAX5 factor as the average top five daily

returns of a stock in the past one month, which seems to capture lottery-like characteristics of

a stock. Individuals may also simply be demanding high volatility. And since both lottery-like

characteristics and volatility are highly correlated with beta, it would mechanically appear that the

demand in any of these factors is actually a demand in high beta. To address this, I control for the

change in idiosyncratic volatility and the change in MAX factor along with the level old volatility

and the MAX5 factor of the old stock. Even then there seems to be a jump in the choice of beta

in the loss domain (Table. C.7, Reg (3)).

This paper does not argue that beta is the only factor investors are looking to load up on. There

might as well be demands for volatile stocks and lottery like stocks but the evidence shows that

even controlling for those factors there is a statistically significant demand for higher beta stocks

after a loss.

C. Why Beta?

From the empirical results of the acquisition effect it seems that individual investors intend

to take higher risk after a loss. Also, individual investors are known to hold highly diversified

portfolios. In the Finnish data, the average number of stocks held simultaneously by an account-

holder is approximately two. In the more restricted sample used for main analysis, this number

is less than four stocks. So a natural question is – why do undiversified investors pay attention

to beta, especially when we know that empirical evidence fails to support the CAPM? Also, why

doesn’t the investor look at volatility rather than beta?

Even if the market does not follow CAPM, if market beta has any positive premium associated

with it, there is an explanation why an individual should look at beta rather than volatility as

a measure of risk. Suppose an individual, for some reason, suddenly has a higher threshold for

volatility in her undiversified investment. So she might want to sell a low volatility stock and buy

one with higher volatility. She has two options to choose from, she can either choose a higher beta

stock that comes with higher mean return or she can choose one with higher idiosyncratic volatility

that comes with same mean return. Assuming the investor has a preference for higher mean return,

her choice should be obvious.

Beyond the explanation presented, there is some indirect evidence and some heuristic explana-

tions about individual paying attention to beta. In Barber, Huang, and Odean (2015) the authors

find that investors attend most to market beta and treat returns attributable to size, value, mo-

mentum etc. as alpha’s. Similarly in (Berk and van Binsbergen (2015)), using mutual fund data,

the authors conclude that “CAPM is the closest model to the model the investors use”. In a survey

of 392 CFO’s the authors in Graham and Harvey (2001) find that large firms rely heavily on the

CAPM for project evaluation. These papers indicate that large investors and CFOs who can be
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assumed to be experts, when compared to individual investors, pay attention to beta as a measure

of risk, so perhaps it is not far fetched to argue that retail investors use market beta as a measure

of risk for investment even though there is evidence that CAPM does not work.

A criticism from the other direction can be that retail investors do not have sufficient expertise

to use beta and that they might look at volatility as a proxy for risk. Here I would argue that

beta is not only the most talked about risk measure for stocks, but is also the only easily available

measure of risk. A quick navigation through some of the most popular finance websites (Yahoo

Finance, MSN Money, CNN Money, Google Finance, Market Watch, Seeking Alpha, AOL Finance

etc.) reveals that five out of the top seven websites report beta of stocks, but none provide data

on volatility. Also β is very easy to compare; for example, a stock with volatility of 24% does not

immediately tell an investor whether it’s a high or low volatility stock because average volatility of

a stock is not very well known. Additionally, the mean volatility will vary with market conditions

and also depends on the duration of measurement. On the other hand, beta is very well known to

have a benchmark of 1, so high or low β is much easier to conceive and this benchmark does not

depend on the market condition or the duration of measurement.
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II. Theory

Individuals are known to make riskier choices based on past experience of loss (Thaler and

Johnson (1990)). In controlled experiments, individuals have been observed to accept riskier gam-

bles after a realized loss than after a gain (Thaler (1980)). Risk taking in the domain of losses

is consistent with Prospect theory (PT) (Kahneman and Tversky (1979), Tversky and Kahneman

(1992) and empirical finding of this paper seems to support that theory intuitively. I formalize this

intuition by solving a model which uses assumptions from the PT and I show that buying higher

beta stock after realizing a loss emerges as an optimal response.

A. The Model & Assumptions

I solve a two period model with t ∈ {−1, 0, 1} which can be represented by the following diagram:

reference wealth current wealth future wealth

Wref
{R0} //W0

R1 //W1 = W0(1 +R1)

t = −1 t = 0 t = 1

At t = −1, the agent started off with wealth Wref invested in some stock and she will realize her

profit (or potential loss) at t = 1. She does not pay continuous attention in between, but comes

back to evaluate her investment at t = 0. At t = 0, the investor finds her current wealth to be W0.

At this point she has the option to change her investment at no transaction cost. To write down

the agent’s problem formally I make a few assumptions:

(i) Utility function over realized gains and losses is consistent with prospect theory.

The realized utility is derived from gains over a reference wealth, rather than the wealth itself,

and is consistent with prospect theory and can be written as:

V (W −Wref ) =(W −Wref )α

− λ(−(W −Wref ))α

if W ≥Wref

if W < Wref

where W −Wref is the gain in wealth above reference wealth Wref ; 0 < α ≤ 1 is the risk

aversion/curvature parameter while λ > 1 is the loss aversion parameter. Unless otherwise

mentioned, in this paper I use parameter values as calibrated in Tversky and Kahneman

(1992) i.e. λ = 2.25 and α = .88. With these parameters the plotted prospect theory utility

function (Appendix Fig. (C.10) is concave in the profit domain, convex in the loss domain

and has a kink at the break-even point.

(ii) Agents use rolling mental accounting to code gains or losses.

The conventional mental accounting (Thaler (1985)) assumption is that a mental account

is opened when a stock is bought and that the mental account is closed when the stock is
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sold. However Frydman et al. (2016) hypothesize that individuals may use rolling mental

account. That is, they may sell a stock and not close the mental account but roll over the

mental account to a newly bought stock. So the profit (loss) earned from the new stock may

be benchmarked to the wealth invested in the old stock. The experimental finding in Imas

(2016) also backs up the hypothesis. For my model, I assume that at time t = 0 the agent

may sell the existing stock to buy a new one but she must roll over her mental account. So

at time t = 1 the agent’s utility will be evaluated as V (W1 −Wref ).

(iii) Restrictions on the risk-free asset.

Within this two period the agent has committed to investing in one risky asset in her mental

account. At the time of decision at t = 0 she cannot take leverage and she cannot park

her money in the risk free asset. The implicit assumption here is that the agent might have

already made some larger heuristic decision to allocate her savings between risky and risk-free

assets, and within the particular mental account I model, she has committed to invest in only

risky assets. Thus if an agent sells the old stock at t = 0, she must invest the entire money

in another stock immediately.

(iv) Stock returns are normally distributed and follow a two-factor model.

The two factor model can be thought of as a generalization of the CAPM but has certain

advantages. The model can be written as:

R−Rf = (1− β)(Rz −Rf ) + β(Rm −Rf ) + ε

where R is the return of any stock with market beta β; Rf is the risk free rate, Rm is the

return of the market, Rz is the return of a zero beta portfolio with minimum variance and ε

is the idiosyncratic error assumed to be iid across all stocks. This model reduces to CAPM if

µz = Rf . The main advantage of the two factor model over CAPM is that empirically it fits

the stock data better which is how this model was motivated in Jensen et al. (1972)). When

µz ≈ µm, the security market line is almost flat which is consistent with the data. The term

(1 − β)(Rz − Rf ) can be thought of as the alpha of a stock and consistent with data it is

inversely related with market beta.

Returns are assumed to be normally distributed, Rm ∼ N (µm, σ
2
m), Rz ∼ N (µz, σ

2
z) and

ε ∼ N (0, σ2
ε ). This implies that any stock return is also normally distributed:

R ∼ N (µ, σ2)

where µ = (1− β)µz + βµm and σ2 = (1− β)2σ2
z + β2σ2

m + σ2
ε . Under this model, the choice

of a stock by an investor can be simplified to the choice of the stock’s market beta, β.

For the numerical analysis I calibrate parameters in the model from monthly CRSP data from

1965-2015. For the two factor model, I use µm = 0.87%, µz = .85, σm = 4.4%, σz = 3% and
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σε = 6%. For CAPM, I use Rf = 0.3%.

Standing at time t = 0, the agent now has to decide whether to change her investment. She chooses

her optimal investment by picking beta. The problem can be written as:

max
β

δE(V (W1 −Wref )) (4)

where δ is the time discount parameter. Due to the assumption about market, the choice of stock

boils down to choice of beta. The expectation operator is taken at time t = 0 when W0 is known.

A more general version of this problem where the agent is given the choice of mental accounting

decisions is solved in Appendix A.

B. Solution: Optimal Beta

In order to solve the maximization problem analytically, I make a further simplifying assumption

that the P.T. consistent utility is piecewise linear. More precisely α = 1 in Assumption (i). Using

this simplification, the objective function in Eq. (4) can be written (Appendix B.A) in close form

and the first order condition (FOC) can be derived (Appendix B.B.1) from it in closed form as well.

Furthermore, the second order condition can be proved to hold (Appendix B.B.2). And finally by

studying the first order condition, it can be inferred that the optimal choice of beta rises steeply

after a loss (Appendix B.B.3).

However, in order to obtain a more complete picture and without making any simplifying

assumption, I solve problem (4) numerically. For the numerical solution I restrict the possible values

of beta β ∈ [−0.5, 5]. A surface plot (Appendix Fig. C.12) of the numerically estimated expected

utility, E(V (W1 − Wref )) as a function of β and W0 with fixed reference wealth (Wref = 100)

displays significant variation along β and important but smaller variation along W0. The optimal

choice of beta is plotted against realized wealth W0. Multiple plots (Fig. 4) are generated for

different risk aversions and for market under CAPM and the 2-factor model.
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(a) Stocks follow CAPM
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(b) Stocks follow 2-Factor Model

Figure 4. Optimal Beta vs. Current Wealth, W0 . The y-axis represents the choice of
optimal beta for a given current wealth. The maximum value of beta is capped at 5, β ∈ [−0.5, 5].
The x-axis represents the current wealth. The reference wealth is fixed at Wref = 100 while the
current wealth is varied from W0 ∈ [80, 120] which is a profit (loss) range of ± 20%. The graphs
are plotted for two different risk aversions; α = .68 corresponds to higher risk aversion. Fig. (4a)
corresponds to a market where stocks follow CAPM, while Fig. (4b) corresponds to the two-factor
model.

The shape observed is consistent with the inference drawn from analytically studying the FOC

and the empirically observed evidence. The optimal choice of beta after a loss is quite high and

rises steeply with higher losses. This steepness seems to increase with higher risk aversion. The

optimal choice of beta however, does not seem to change much after profit. For example, under

CAPM, at W0 = 90 (10% below reference wealth) the optimal choice of stock seems to have beta

above three. After a gain, the optimal beta is around one and does not change much with increased

gains.

The graphs corresponding to the two factor model are even flatter on the profit domain. This

is because the calibrated return premium per unit beta risk is negligible (SML if flat). Thus on the

profit side, where the utility function is concave there is practically no incentive to take more risk.
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III. Trading Strategy

High beta stocks provide lower return than predicted by CAPM while low beta stocks outper-

form. This is known as the beta anomaly, first documented in Friend and Blume (1970) and Jensen

et al. (1972) and widely studied since then. The consensus about beta anomaly is that there is a

higher than usual demand for high beta stocks. The explanation as to why there is higher demand

is varied. Like Black (1972), the authors in Frazzini and Pedersen (2014) argue that this demand

is due to restrictions in borrowing, so individuals with higher risk tolerance cannot lever up the

market portfolio and hence they end up holding higher beta portfolio. In Bali et al. (2016) and Bali

et al. (2011) the authors argue that individuals intrinsically demand stocks which provide lottery

like demands1. They create a factor, MAX, which captures lottery like characteristic of stocks and

also turns out to be highly correlated with market beta. They demonstrate that when the lottery

like characteristic is controlled for, the beta anomaly goes away. Thus the authors infer that the

beta anomaly is primarily due to demand for lottery like stocks. This lottery characteristic being

correlated with beta, the authors argue that the lottery demand essentially is demand for higher

beta stocks. In this paper I empirically show that individuals and institutions have a demand for

higher beta stocks directly and so the beta anomaly at least partially is due to this behavioral.

Whatever the explanation of this higher demand, a strategy to take advantage of the beta

anomaly is the betting against beta (BAB), popularized by Frazzini and Pedersen (2014)2. The

BAB strategy is leveraging up a portfolio of low beta stocks so that it matches the beta of a high

beta portfolio, and then shorting the high beta portfolio while longing the levered up low beta

portfolio. Since low beta stocks are empirically found to have high alphas compared to high beta

stocks, the BAB strategy generates high returns. At the same time, longing and shorting of similar

beta portfolios minimize systematic risk resulting in high Sharpe Ratio. The strategy is not specific

to the leverage constraint explanation that the authors in Frazzini and Pedersen (2014) provides.

I try to investigate whether insight from the observed acquisition effect can be used to improve

on the BAB strategy. Along with acquisition effect I use another empirical finding from the Finnish

data. I observe that people trade in bursts. Individual investors trade infrequently, but when they

do they are likely to make multiple transactions. This is best indicated in Fig. C.8 where 35% of

sell transactions are followed by another sell transaction on the day after and 36% are followed by

a buy transaction whereas the average transaction gap in my sample is .26 years (Table C.2).

If we assume that investors trade at the same rate irrespective of market returns3, we can say

that even mechanically on negative market return days there will be a larger percentage of investors

selling stocks at a loss. Given the observation about follow up trade, these people will be buying

1This lottery like demand is consistent with the finding of Kumar (2009)
2The BAB strategy was originally proposed in 1969 by Fisher Black and Myron Scholes to Wells Fargo (Mehrling

(2005)) but was never implemented.
3Uniform trading rate across market condition is not true. In fact trading volume spikes up on negative market

return days and the day after. In the Finnish individual trading data, I find that per day stock selling rate increases
by 8.5% on negative market return days and the day after that. For stocks making loss this number is 12.6%. In the
CRSP data from 1926 to 2015, daily trading volume goes up by 15% on negative market return days and the day
after while the rise in volume for the sample period 1991 to 2016 is 9%.
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stocks the same day or the day after. And consistent with acquisition effect this larger percentage

of investors will be demanding higher beta stocks on days of negative market return and the day

after. This gives us insight into time variation in demand for high beta stocks.

Although there will be an overall higher demand of high beta stocks across time, it will be

particularly high during market down movements. So on the days when market return is negative

or on the following days, demand pressure on high beta stocks will not let their prices decrease by

as much as their beta suggests (or might even increase their prices) and the betting against beta

return (rBAB) will be lower or even negative. This prediction that the rBAB should systemically

vary with the market is counterintutive because betting against beta is designed to be a market

neutral strategy. The fact that rBAB varies systematically with market return has been documented

in Cederburg and O’Doherty (2016).

A. Daily Readjusted Betting Against Beta

In order to observe whether rBAB indeed weakens with negative market return, I compute

average rBAB for days grouped into negative and positive market return days and also for days

right after negative market return. The strategy is not the classic betting against beta strategy

but a daily adjusted one. Just like the original strategy, stocks are sorted into two groups: high

beta (H) with stocks having beta ≥1 and low beta (L) with stocks having beta <1. This sorting is

done daily with market betas calculated with daily return from one year(252 days) leaving out the

current date. Two corresponding portfolios with return rH and rL are created with the two groups

of stocks, each having weights proportional to the inverse of it’s beta.

rHt =

(∑
i∈H

1

βi,t−1
ri,t

)
/
∑
i∈H

1

βi,t−1
(5)

where ri,t is the return of stock i at time t while βi,t−1 is the beta computed with information

available till t−1. The conditional beta of rH portfolio can be estimated to be the harmonic mean.

βHt−1 =
1

1

NH

∑
i∈H

1

βi,t−1

(6)

Here NH is the number of stocks in the high beta portfolio. Similarly the low beta portfolio can

be formed and rL and βL can be estimated. Then at each date a self financing portfolio of rL,

weighted to the inverse of its beta is longed and a corresponding self financing high beta portfolio

is shorted. Formally I can write the daily betting against beta return, rBABt as:

rBABt =
1

βLt−1

(
rLt − r

f
t

)
− 1

βHt−1

(
rHt − r

f
t

)
(7)

where rft is the risk free rate at time t. Only those CRSP stocks that have ever been in the top

750 market cap stocks in any year from 1926 onward and with past year daily beta computed
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to be between .2 and 2 are considered. I obtain the average daily return of this strategy rBAB =
1
T

∑
t r
BAB
t as .085% with an annualized Sharpe ratio of 1.91. When the sample is split into negative

market return days, positive market return days and days after negative market return days a clear

pattern is observed. The negative market return day and the day after negative market return

generates statistically significant negative average rBAB.

market
# rBAB (std. err.)

Stdv. Sharpe
return σ Ratio

All 23,386 0.085% (0.0046%) 0.71% 1.91

-ve 10,526 -0.01% (0.007%) 0.71% -.22

-ve∗ 10,526 -0.12% (0.007%) 0.72% -2.74

-ve∗∗ 10,525 0.004% (0.008%) 0.79% 0.08

+ve 12,860 0.16% (0.0061%) 0.69% 3.73

Table II: Daily Adjusted Betting Against Beta. Returns on the betting against beta strategy
for different market return days. The first column indicated what the sign of market return was.
−ve∗ implies that the previous day was a negative market return day and All∗ implies the Adjusted
BAB strategy for all days. The second column represents the number of days in the time series
sample. In the third column, rBAB is the time series average of the daily betting against return
except at the last row where it is the adjusted rBAB

∗
. The fourth and the fifth column lists the

standard error and the standard deviation of the average return. The last column is the Sharpe
ratio which is annualized.

From Table II, we can see that on negative market return days, the average betting against

beta return is -0.01% while on the day after negative market return the average rerun is 0.12%.

This is already indicative of a better strategy.

B. Dynamically Betting for and Against Beta

The estimates obtained in Table II make it clear that the rBAB is lower on negative market

return day and the day after. This was anticipated from the time varying demand for high beta due

to the acquisition effect. Since in fact the return is negative on those days, it is obvious that simply

not trading in negative market return days will improve rBAB. But this is hypothetical since this

requires anticipation of which days will generate negative market return. So the implementable

strategy is to take a ‘bet with beta’ on days after the day market produces negative return and to

take the usual ‘bet against beta’ on other days. This generates a daily return of 0.197% and an

annualized Sharpe ratio of 4.56.

This predictable variation of rBAB is not due to slow or asynchronous trading in the early

sample. As presented in Table III, in the post 1990 sample the daily adjusted BAB strategy

produces annualized Sharpe ratio of 2.69 while the recommended betting for and against beta
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generates Sharpe ratio of 3.25 The corresponding number for post 2000 sample are 2.12 and 3.39.

Daily Sample # rBAB
∗

(std. err.) σ S.R. S.R.BAB

1926-2016 23,386 0.197% (0.0045%) 0.68% 4.56 1.91

1991-2016 6,300 0.123% (0.0074%) 0.59% 3.29 2.72

2001-2016 3,773 0.134% (0.01%) 0.62% 3.45 2.12

Table III: Daily Adjusted ‘Modified’ Betting Against Beta. Returns on the modified daily
adjusted betting against beta strategy for different samples. The first column indicated the range
of the sample. The second column represents the number of days in the time series sample. In
the third column, rBAB

∗
is the time series average of the adjusted daily betting against return

recommended due to time varying demand for high beta stocks. The fourth and the fifth column
lists the standard error and the standard deviation of the average return. The sixth column is the
Sharpe ratio which is annualized while the seventh column is the Sharpe Ratio from the original
betting against beta strategy with daily adjustments.

I recognize that readjusting a portfolio daily is probably not practically implementable. But

to exploit the behavioral understanding, some daily trading adjustments need to be made. This

exercise remains important because it demonstrates that even with betting against beta strategy,

if it is possible to not trade on the days post a negative market return day, one can generate higher

returns. We also try and do this for monthly level but since the demand pressure is short lived,

at monthly frequency the strategy cannot be improved upon. However the exercise is indicative of

the behavior.

market
# rBAB (std. err.)

Stdv. Sharpe
return σ Ratio

All 1,063 0.96% (0.17%) 5.54% 0.60

-ve 407 -1.59% (0.22%) 4.45% -1.24

-ve∗ 407 0.05% (0.26%) 5.29% 0.03

+ve 656 2.54% (0.22%) 5.56% 1.59

Table IV: Monthly Adjusted Betting Against Beta. Returns on the betting against beta
strategy for different market return months. The first column indicated what the sign of market
return was. −ve∗ implies that the previous month was a negative market return month. The second
column represents the number of months in the time series sample. In the third column, rBAB is
the time series average of the monthly betting against return. The fourth and the fifth column lists
the standard error and the standard deviation of the monthly average return. The last column is
the Sharpe ratio which is annualized.

Table IV demonstrates that the same strategy adjustment as done for daily will clearly not

work for a monthly adjusted portfolio. However it is worth noting that the expected return from
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BAB strategy on negative market return month is significantly negative and the month after that

is statistically indistinguishable from zero. Given the Sharpe ratio of 0.03 for the month after

negative market return, it ca be recommended to hold a self financing market portfolio on those

months, rather than the BAB portfolio. Even this strategy will perform better the usual BAB

strategy generating a monthly return of 1.10% and an annualized Sharpe ratio of 0.63 both being

marginally better than the conventional betting against beta.

IV. Conclusion

This paper tries to provide evidence that investor behavior causes increase in demand of high

beta stocks. This may not be the only channel for increased demand, but is surely an important

one. The demand arises from individuals trying to break even by taking higher risk after making

a loss. This higher demand varies somewhat predictably and can be exploited to improve the

performance of the betting against beta strategy. Also, this time varying predictable demand for

high beta stocks generates contrarian price movements, for example when market is going down,

there is demand pressure on higher beta stocks. So the higher beta stocks which should go down the

most during market downturns, may not go down by as much (they may even go up). I speculate

that this behavioral explanation of time varying demand of high beta stocks can used as a new

framework to study their variation in beta.
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Appendix A. Choice of Mental Account

If the agent has a choice of mental account then the choices can be defined as:

(i) Aggregate Mental Account: She can choose to roll over or aggregate her mental account such

that her reference point is still Wref and she may look for new investment (which requires

selling the old stock and buying a new one) or she may continue with the old one.

(ii) Segregate Mental Account: She can choose to close her mental account and start a new one.

To close the account she must sell the old stock and thus realize her profit of a loss. This

generates a burst of realization utility (Barberis and Xiong (2012)). In order to start the new

mental account she must buy a new stock and reset her reference wealth to current wealth

W0.

The problem of the agent with such choices can be written as:

max { max
β

δE(V (W1 −Wref ))︸ ︷︷ ︸
aggregated mental account

, V (W0 −Wref ) +max
β

δE(V (W1 −W0))︸ ︷︷ ︸
segregated mental account

}

The first expression above represents utility due to aggregated mental account, UAgg while the

second one is due to segregated mental accounts, USeg. The first term in the second expression can

be interpreted as the burst of realization utility as defined in Barberis and Xiong (2012).

Claim: Aggregating utility is better after a small loss while segregating is better after a small

gain.

Proof:

Aggregating mental account implies no present realized utility, maintaining the old reference wealth

and discounted future expected utility.

UAgg = δE (V (W1 −Wref ))

= δWα
refE (V (R1(1 +R0) +R0)) (A1)

Segregated mental account implies a current realization of the gain (or loss), change in reference

wealth to the current wealth and a discounted future expected utility.

USeg = V (W0 −Wref ) + δE (V (W1 −W0))

= Wα
refV (R0) + δWα

ref (1−R0)αE (V (R1)) (A2)

Here V (.) is the prospect theory (P.T.) consistent utility functio; UAgg and USeg are the expected

utilities from aggregating or segregating the mental accounts in the two period setup. δ is the

time discount factor of utility. Wref is the reference wealth which is also the initial wealth at time

t = −1, W0 = (1 +R0)Wref is wealth at time t = 0 and W1 = (1 +R1)W0 is wealth at t = 1. The
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expectation operator E(.) is applied at t = 0 such that everything upto t = 0, including R0 and W0

is known.

The future wealth is due to a stock selected from a market that follows a 2-factor model,

R1 = (1− β)Rz + β(Rm −Rz) + ε. Due to this model a particular stock is completely specified by

its beta. Also UAgg and USeg are both functions of β.

Let the optimal stock after aggregating mental account be represented by βA and that after segre-

gated mental account be represented by βS . They can be formally defined as:

βA = Argmax
β

UAgg(β) (A3)

βS = Argmax
β

USeg(β)

Stock beta is restricted to be within reasonable bounds β ∈ [β, β].

For the same realized wealth W0, if a stock with risk factor β is chosen, the difference in utility

can be written as:

∆U(β,W0) = (UAgg(β)− USeg(β))

= [δE (V (W1 −Wref ))− V (W0 −Wref )− δE (V (W1 −W0))] (A4)

= Wα
ref [δE (V (R1(1 +R0) +R0))− δ(1 +R0)αE (V (R1))− V (R0)] (A5)

where α is the curvature (risk aversion) parameter of the P.T. consistent utility. When W0 = Wref

i.e. R0 = 0, we have UAgg = USeg or ∆U(β,Wref ) = 0.

Since W0 = Wref (1 +R0), in order to study ∂∆U
∂W0

around W0 = Wref (small loss/small gain), it

is sufficient to study ∂∆U
∂R0

around R0 = 0.

1

Wα
ref

∂∆U
∂R0

= δE
(
V ′(R1(1 +R0) +R0)(1 +R1)

)
− δα(1 +R0)α−1EV (R1)− V ′(R0) (A6)

where V ′(.) represents the derivative of the utility function.

V ′(R0) =

[
∂V (R)

∂R

]
R=R0

=
α

R1−α
0

if R0 > 0 ≡W0 > Wref

=
λα

−R1−α
0

if R0 < 0 ≡W0 < Wref

where 0 < α < 1, λ > 1. Thus with R0 near zero,marginal utility V ′(R0) takes a very large and

positive value. Formally:

lim
R0→0+

V ′(R0) = +∞

lim
R0→0−

V ′(R0) = +∞
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The first and the second term of the derivative (Eq. A6) are finite for values around R0 = 0 and

so the third term dominates. Using the above and the fact that ∂∆U
∂W0

= 1
W0

∂∆U
∂R0

, I write:

lim
W0→Wref

∂∆U
∂W0

= −∞ (A7)

Let W0 = Wref + ω, where ω is a nonzero number which can be considered small compared to

Wref . The I can write an approximate taylor expansion as:

∆U(β,Wref + ω) ≈ ∆U(β,Wref ) + ω

[
∂∆U
∂W0

]
W0=Wref

≈ 0 + ω

[
∂∆U
∂W0

]
W0=Wref

(A8)

If |W0 −Wref | is small, using Eq. (A7) and Eq. (A8) I can write:

∆U(β,W0) > 0 if W0 < Wref

∆U(β,W0) < 0 if W0 > Wref

Expanding ∆U I can write:

UAgg(β) > USeg(β) if W0 < Wref ∀ β ∈ [β, β]

UAgg(β) < USeg(β) if W0 > Wref ∀ β ∈ [β, β]

Since βA and βB are the utility maximizing choices under aggregation and segregation respectively,

using Eq. A3 I can write:

UAgg(β
A) > USeg(β) if W0 < Wref ∀ β ∈ [β, β]

UAgg(β) < USeg(β
S) if W0 > Wref ∀ β ∈ [β, β]

�

The above proof holds for ‘small’ profits and losses. For similar inference for larger gains and

losses I solve the model numerically. I numerically estimate the difference in expected utility from

the two choices, ∆U = UAgg −USeg, which is a function of current wealth W0 and the chosen stock

specified by its market beta (β). The surface of ∆U is plotted as a function of β×W0 in Appendix

Fig. C.11. From the three dimensional plot, it becomes clear that there is significant variation

along the wealth axis and not so much variation along the beta axis. Two dimensional plots of

utility difference ∆U vs W0, is presented as Fig. (5). Graphs are plotted for different levels of risk

aversion and for two different markets following CAPM or the 2-factor model.

The graphs demonstrate that it is optimal to aggregate mental account in the loss domain

(W0 < Wref = 100) and optimal to segregate mental account for small profits while it is again

optimal to aggregate for larger profits. The optimality of segregation for small profits is due to risk
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(b) Stocks follow 2-Factor Model

Figure 5. UtiltyAgg.-UtilitySeg. vs. W0 .The y-axis implies the value of Aggregated utility above
segregated utility; aggregation and segregation being the mental accounting choices. Value above
zero implies aggregating utility is more desirable than segregated utility and hence aggregation
mental account would be the optimal chocie. The horizontal axis is the wealth at hand at time
t = 0, denoted by W0. The reference wealth is fixed at Wref = 100. Thus W0 = Wref = 100 implies
the break even point and W0 > Wref = 100 implies profitable situation. The graphs are plotted
for two different risk aversions; α = .68 corresponds to higher risk aversion.

aversion in the profit domain. With lower risk aversion (higher α) this preference for segregation

weakens. The result is consistent with experimental finding in Thaler and Johnson (1990) where the

authors find that agents seem to segregate gains and integrate losses to evaluate lottery outcomes.

This behavior of coding losses and gains was termed as hedonic framing in Thaler (1999).

The result is also consistent with the disposition effect (Shefrin and Statman (1985)) in the

following sense. It is definitely better to aggregate mental account in the loss domain. Thus after a

loss an investor can continue with the same stock or sell it and buy a new one in the same mental

account. After a profit it’s optimal to close the mental account which requires selling the stock for

sure. If investors adhere to the aforementioned optimal mental accounting choices, we should see

a lot more investors selling their positions after a profit than after a loss. This is the empirical

observation behind disposition effect.
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Appendix B. Expected Utility Maximization

Future wealth of an individual investor is given by:

W1 = W0(1 +R1) (B1)

where W0 is the starting wealth, R1 is the return on the stock invested in. Utility obtained from

the wealth depends on reference wealth Wref and is consistent with the prospect theory. To derive

a closed form solution the utility function is simplified to be piecewise linear:

V (W1 −Wref ) =W1 −Wref

− λ(−(W1 −Wref ))

if W1 > Wref

if W1 ≤Wref

where the loss aversion parameter is greater than one, λ > 1. Stocks are selected from a market

that follows a two factor model:

R1 = (1− β)Rz + βRm + ε

where Rm ∼ N (µm, σ
2
m) is the market return and Rz ∼ N (µz, σ

2
z) is the return of a minimum

variance zero beta portfolio. This model, due to Jensen et al. (1972), has been shown to fit the

data better and can explain the lower than expected slope of the one factor CAPM model. By

setting zero beta return to a non random risk free rate, Rz = Rf this model directly reduces to

CAPM.

With the above assumptions, I can write R1 ∼ N (µ, σ2), where µ = µz + β(µm − µz) while

σ2 = β2σ2
m + (1− β)2σ2

z + σ2
ε .

Appendix A. Expected Utility

Within a mental account a gain is not with respect to starting wealth but with respect to the

reference point, W1 > Wref . Using Eq. (B1) I write:

W1 = W0(1 +R1) > Wref

=⇒ R >
Wref

W0
− 1 = g (say)

Now the expected utility can be written as:

EV =

∫ ∞
−∞

V (W1 −Wref )f(R)dR

=

∫ g

−∞
λ(W1 −Wref )f(R)dR+

∫ ∞
g

(W1 −Wref )f(R)dR

=

∫ g

−∞
(λ− 1)(W1 −Wref )f(R)dR+

∫ ∞
−∞

(W1 −Wref )f(R)dR
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where f(R) is the density function of R.

Plugging in the expression of W1 from eq (B1) the above integration can be rewritten.

EV =(λ− 1)W0

∫ g

−∞
Rf(R)dR

+ (λ− 1)(W0 −Wref )F (g) +W0(1 + µ)−Wref (B2)

Let r = (R − µ)/σ ∼ N (0, 1) which implies f(R) = φ(r)/σ and F (g) = Φ(γ) where φ() and Φ()

are the pdf and cdf of standard normal distribution and γ =
g − µ
σ

.

∫ g

−∞
Rf(R)dR =

∫ γ

−∞
(µ+ σr)

φ(r)

σ
σdr

= µΦ(γ)− σ
∫ g

−∞
φ′(r)dr

= µΦ(γ)− σφ(γ)

where I use the result φ′(x) = dφ(x)/dx = −xφ(x). The above result can be used in Eq (B2) and

after rearranging terms:

EV = {W0(1 + µ)−Wref} (1 + (λ− 1)Φ(γ))− (λ− 1)φ(γ)W0σ (B3)

A more intuitive form of the expected utility can be written as:

EV = {W0(1 + µ)−Wref}

+ (λ− 1) [Φ(γ){W0(1 + µ)−Wref} − φ(γ)W0σ]

where the first term is the expected utility of a risk neutral agent and the second term is due to loss

aversion. Te second term due to loss aversion can be shown to be always negative. If we assume it

to be positive, then we can write:

Φ(γ){W0(1 + µ)−Wref} ≥ φ(γ)W0σ

=⇒ Φ(γ){−γσW0} ≥ φ(γ)W0σ

=⇒ − γ ≥ φ(γ)

Φ(γ)
= −E(r|r < γ)

=⇒ E(r|r < γ) ≥ γ (unfeasible)

Hence as intuition suggests, the loss aversion term is always negative and thus the expected utility

of a loss averse agent is lower than that of a risk neutral agent.
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Appendix B. The Maximization Problem

If the market follows the two factor model or simply CAPM, a stock is completely characterized

by its beta. So beta is the only choice variable is necessary:

max
β

EV (W1 −Wref )

where Wref is the reference wealth, W1 = W0(1 + R1) is the future wealth, and the market risk

factor, beta is bounded within plausible values, β ∈ [β, β].

Appendix B.1. First Order Condition

Using the expected utility expression derived before (Eq.B3), the expression of the first order

condition can be written as:

∂EV
∂β

=W0(µm − µz) (1 + (λ− 1)Φ(γ)) + (W0(1 + µ)−Wref ) (λ− 1)φ(γ)
dγ

dβ

+W0(λ− 1)σγφ(γ)
dγ

dβ
−W0(λ− 1)φ(γ)

dσ

dβ

In the second term I replace W0 −Wref = −W0g and in the third term I use σγ = (g − µ); after

gathering terms, the coefficient corresponding to dγ
dβ becomes zero.

∂EV
∂β

=W0(µm − µz) (1 + (λ− 1)Φ(γ))−W0(λ− 1)φ(γ)
dσ

dβ
(B4)

where g =
Wref

W0
− 1 and γ = (g − µ)/σ =

(
Wref

W0
− (1 + µ)

)
/σ as defined earlier.

Appendix B.2. Second Order Condition

The expression for the second order condition (SOC) can be derived as:

∂2EV
∂β2

= W0(µm − µz)(λ− 1)φ(γ)
dγ

dβ
+W0(λ− 1)γφ(γ)

dγ

dβ

dσ

dβ
−W0(λ− 1)φ(γ)

d2σ

dβ2
(B5)

Both γ and σ being functions of β, their relevant derivatives can be written as:

dγ

dβ
= −γ

σ

dσ

dβ
− 1

σ
(µm − µz) < 0 if µm > µz (B6)

dσ

dβ
=

β(σ2
m + σ2

z)− σ2
z

[β2σ2
m + (1− β)2σ2

z + σ2
ε ]

1/2
> 0 if β >

σ2
z

σ2
m + σ2

z

(B7)
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d2σ

dβ2
=

σ2
mσ

2
z + σ2

zσ
2
ε + σ2

εσ
2
m

[β2σ2
m + (1− β)2σ2

z + σ2
ε ]

3/2
> 0 (B8)

Mean return of the market can be safely assumed to be above the mean return of the zero beta

portfolio, so inequality B6 is plausible. Jensen et al. (1972) estimates σz ≈ .5σm, so for the

inequality (B7) to hold we need β to be greater than approximately 0.2 which is realistic. Finally

the inequality B8 holds without condition.

Eq.(B5) can be rewritten as:

∂2EV
∂β2

= W0(λ− 1)φ(γ)
dγ

dβ

[
(µm − µz) + γ

dσ

dβ

]
−W0(λ− 1)φ(γ)

d2σ

dβ2

= W0(λ− 1)φ(γ)
dγ

dβ

[
−σ dγ

dβ

]
−W0(λ− 1)φ(γ)

d2σ

dβ2

where the third equality is due to Eq. (B6). Thus the SOC can be expressed as:

∂2EV
∂β2

= −σW0(λ− 1)φ(γ)

[
dγ

dβ

]2

−W0(λ− 1)φ(γ)
d2σ

dβ2
< 0 (B9)

where the inequality can be established using Eq. (B8). This implies that any interior solution by

equating the FOC to zero is a maximum point.

Appendix B.3. Solution to the Maximization Problem

Claim: The optimal choice of beta after a loss is higher than than after a gain.

Proof: From Eq. (B4) the FOC expression of the maximization problem is:

∂EV
∂β

= W0

[
(µm − µz) (1 + (λ− 1)Φ(γ))− (λ− 1)φ(γ)

dσ

dβ

]
Informally the proof can be argued just from the FOC expression. The first term in side the braces,

(µm − µz) (1 + (λ− 1)Φ(γ)) is positive and monotonically decreasing in W0. It is positive because

the mean market return can be safely assumed be higher than mean return of the zero beta portfolio,

µm > µz, λ > 1 and the cdf is always positive, Φ(γ) > 0. It is monotonically decreasing because

Φ(γ) is monotonically increasing in γ and γ =
(
Wref
W0
− (1 + µ)

)
/σ is monotonically decreasing in

W0. The fist term takes it’s maximum possible value (µm − µz)λ as W0 → 0.

The second term, −(λ−1)φ(γ)dσdβ , is negative and non-monotonic in W0 (increases in absoloute

value till W0 =
Wref

1+µ and then decreases). It is negative because of the negative sign that precedes

it; the three factors in the term are all positive. Loss version is assumed greater than one, λ > 1, pdf

is by definition always positive, φ(γ) > 0 and volatility increases with beta dσ
dβ > 0 (Eq. B7). It is

non-monotonic in W0 due to φ(γ) which is non-monotonic in W0. Also as W0 → 0 this second term

takes the value of zero. The second term takes its maximum possible absolute value at W0 =
Wref

1+µ .

So for lower values of W0, i.e. when the agent is running at a loss, the first term is positive
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and dominates while the second term is close to zero. So marginal expected utility with respect to

beta, ∂EV
∂β , is positive. This implies that, for high losses, the optimal solution to the optimization

problem (4) should be to increase beta until the FOC holds. Since the SOC holds unconditionally,

increasing beta will gradually decrease the marginal utility until the FOC holds.

More formally, we can derive the change in optimal solution with respect to profit or loss. For

the optimal beta β∗, the FOC expression is zero. The optimal beta which is a function of W0,

β∗(W0). Also γ is a function of both β and W0 individually and
dσ

dβ
is a function of β. For optimal

beta, I write γ∗ and

[
dσ

dβ

]
β=β∗

. At the optimal the FOC equation can be written as:

or (µm − µz) (1 + (λ− 1)Φ(γ∗))− (λ− 1)φ(γ∗)

[
dσ

dβ

]
β=β∗

= 0 (B10)

Now differentiating the expression in Eq. (B10) with respect to W0 we get:

∆µ(λ− 1)φ(γ∗)
dγ∗

dW0
+ (λ− 1)γφ(γ∗)

dγ

dW0

[
dσ

dβ

]
β=β∗

− (λ− 1)φ(γ)
d

dW0

([
dσ

dβ

]
β=β∗

)
= 0

where ∆µ = µm − µz. The expression can be further simplified as:

dγ∗

dW0

(
∆µ+ γ∗

[
dσ

dβ

]
β=β∗

)
− dβ∗

dW0

[
d2σ

dβ2

]
β=β∗

= 0 (B11)

We know that γ =

[
Wref

W0
− 1− (1 + µ)

]
/σ, where µ and σ are both functions of β; so we can

write:

dγ∗

dW0
=

∂γ∗

∂W0
+

[
∂γ

∂β

]
β=β∗

dβ

dW0

= − 1

σ

Wref

W 2
0

+

[
∂γ

∂β

]
β=β∗

dβ

dW0
(B12)

Using Eq. (B12) in Eq. (B11) and gathering terms, we can write:

dβ∗

dW0
=

− 1

σ

Wref

W 2
0

(
∆µ+ γ∗

[
dσ

dβ

]
β=β∗

)
d2σ

dβ2
−

(
∆µ+ γ∗

[
dσ

dβ

]
β=β∗

)[
dγ

dβ

]
β=β∗
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Using Eq (B6) the denominator of the above expression can be simplified and I write:

dβ∗

dW0
=

− 1

σ

Wref

W 2
0

(
∆µ+ γ∗

[
dσ

dβ

]
β=β∗

)
d2σ

dβ2
+ σ

[
dγ

dβ

]2

β=β∗

(B13)

So the denominator is always positive and the sign of the derivative depends on the numerator.

Expanding the numeration using expression for γ and dσ
dβ from Eq.(B7) I can write:

dβ∗

dW0
< 0 if W0 <

Wref

1 + µz −∆µK
= W∗ say (B14)

≥ 0 o/w.

where K =
σ2
z(1− β∗) + σ2

ε

β∗(σ2
m + σ2

z)− σ2
z

. The above inequality holds if β∗ > σ2
z

σ2
m+σ2

z
which empirically is

≈ 0.2 and thus plausible. Also if β∗ is in the neighborhood of one, then K ≈ 0.5, and we can safely

assume ∆µ = µm − µz to be greater than zero and small4. So W∗ < Wref but is also very close to

reference wealth.

So the optimal beta is increasing when W0 < W∗ and due to the factor
Wref

W 2
0

in Eq (B14) the

rate of increase in optimal beta grows steeper with larger losses (smaller W0). By similar reasoning

the slope grows flatter with larger profits (larger W0). We can also write:

lim
W0→0

dβ∗

dW0
=∞

lim
W0→∞

dβ∗

dW0
= 0

where limW0 → 0 represents extreme loss and limW0 →∞ represents extreme profit. �

4 ∆µ also represents the slope of the security market line.
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Appendix C. Tables & Figures

No. of Stocks Ret. Vwret. Beta Stdv. Std. Err.

150.81 0.075% 0.08% 0.99 0.41 0.03

Table C.1: Summary of Stocks. All statistics are computed for each day of the available data
from January 1995 to July 2009. Equal weighted averages are reported in the above table. The first
column is the average number of stocks per day. The second column is the time series average of
the equal weighted daily average return of all stocks, while the third column is a similar measure of
the value weighted return rather than equal weighted. The fourth column is the time series average
of the value weighted daily average beta of all stocks. The fifth column is the time series average of
the daily computed standard deviation of the beta of stocks and the last one is a similar measure
but with average standard error rather than standard deviation.

No. of Acc.
Avg. No. Avg. Len. Avg. No. Avg. Stdv. Avg. Trans. Avg. Stdv.
of Trans. of Acc.(yrs.) of Stocks of # Stocks Gap (yrs.) of Trans. Gap

862,726
23.53 5.31 1.98 0.81 .99 1.03
(0.49) (0.005) (0.002) (0.001) (0.002) (0.002)

Statistics for the Subsample Used in this Paper

76,713
80.16 6.89 3.75 1.65 0.26 0.43
(0.65) (0.013) (0.01) (0.005) (0.001) (0.002)

Table C.2: Summary Statistics of Individual Investors. The first column is the number of
individual accounts in the data, the second column is the average number of transactions that is
carried out by each account holder over the entire period, the third column is the observable length
for which the account is present. The fourth column is average number of stocks simultaneously
held in an individual account over its lifespan. The average standard deviation is represented in the
next column. The sixth column is the average gap between two transactions made by an individual;
the average standard deviation for this is reported in the final column. The upper row represents
the statistics for the entire sample available, while the lower row of the table is the same statistics
but for the final sample .
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Profit Range ($) Avg. New Trans.($) ∆β (std. err.)

-3448 to -1600 7,803.46 6.58% (0.025)
-1600 to -950 6,802.31 8% (0.026)
-950 to -625 5,938.63 12.19% (0.03)
-625 to -435 5,362.54 13.2% (0.031)
-435 to -305 4,963.16 12.02% (0.031)
-305 to -220 4,486.50 18.7% (0.031)
-220 to -156 4,111.86 13.04% (0.033)
-156 to -110 3,798.44 16.9% (0.032)
-110 to -75 3,459.07 13.6% (0.036)
-75 to -49 3,262.13 15.2% (0.04)
-49 to -28 2,804.46 14.43% (0.035)
-28 to -11 2,701.87 13.11% (0.032)
-11 to 0 3,608.72 19.36% (0.038)
0 to 10 2,581.81 5.89% (0.033)
10 to 20 2,735.26 4.21% (0.03)
20 to 28 2,812.49 4.33% (0.037)
28 to 36 2,849.04 12.18% (0.037)
36 to 45 3,287.50 8.8% (0.034)
45 to 54 3,219.62 1.22% (0.034)
54 to 63 2,989.87 4.49% (0.033)
63 to 72 3,416.57 -0.45% (0.03)
72 to 84 3,400.98 1.59% (0.035)
84 to 95 3,751.87 5.64% (0.033)
95 to 105 3,597.32 -2.75% (0.032)
105 to 119 3,741.09 3.75% (0.035)
119 to 130 4,265.39 2.78% (0.027)
130 to 145 3,712.48 2.01% (0.031)
145 to 160 4,265.39 -2.32% (0.03)
160 to 176 3,712.48 6.5% (0.029)
176 to 196 4,086.83 5.69% (0.031)
196 to 212 4,479.65 3.48% (0.028)
212 to 234 4,423.03 3.73% (0.027)
234 to 256 4,752.44 1.29% (0.029)
256 to 284 4,586.37 1.98% (0.027)
284 to 312 4,836.31 7.08% (0.027)
312 to 346 5,356.10 3.68% (0.027)
346 to 385 5,023.96 4.34% (0.026)
385 to 427 5,314.16 6.68% (0.027)
427 to 480 5,620.90 5.3% (0.025)
480 to 538 5,574.97 2.99% (0.025)
538 to 605 6,255.16 4.78% (0.023)
605 to 700 6,434.87 3.75% (0.023)

Table C.3: Choice of Higher Beta as a Function of Profit (Low Skill Individuals). This
table contains the data that goes into the plot of Fig. C.3. The first column is the range of realized
profit (loss) from the last trade, while the second column represents the increase in choice of beta
in buying the new stock. The third column is the standard errors of estimated beta difference.
some of the rows have been left out lack of space and will me made available in online appendix.
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∆β ∆IV OL
(1) (2) (3) (4) (5) (6) (7)

DΠ<0 0.0515 0.0581 0.0405 0.0577 0.0547 -0.000229 -0.0000925
(23.82) (21.62) (20.25) (21.15) (20.33) (-2.92) (-2.03)

Π 0.00214 0.00416 0.00389 0.00406 0.00772 -0.000288 -0.0000646
(2.27) (3.69) (3.42) (2.79) (3.67) (-6.06) (-2.13)

DΠ<0 ×Π -0.0156 -0.0298 0.00575 -0.0251 -0.0288 0.00121 0.000332
(-2.52) (-2.75) (1.49) (-2.45) (-2.75) (3.25) (2.27)

σold -5.492 -11.01 -8.539 -17.43 -0.488 -0.872
(-76.11) (-87.16) (-73.60) (-83.83) (-160.74) (-262.19)

βold 0.00544 0.00472
(84.77) (55.31)

∆IV OL -2.255 -4.777 -3.623 -8.107
(-20.31) (-40.68) (-26.35) (-51.75)

∆β 0.00132 -0.000573
(22.12) (-7.50)

Constant 0.0294 0.190 0.361 0.281 0.300 0.00959 0.0204
(28.84) (79.89) (93.18) (81.27) (8.32) (118.97) (45.14)

Date F.E. X

Individual F.E. X X X

Year F.E. X X

Observations 554436 554436 554436 554436 554436 554436 554436
Adjusted R2 0.002 0.019 0.079 0.080 0.117 0.242 0.479

t statistics in parentheses. Standard Error computed after individual level clustering.

Table C.4: Regression with Individual Investor Data (Individual Level Clustering):
The dependent variable in regressions (1) through (5) is ∆β = βnew − βold while that in (6) and
(7) is ∆IV OL = IV OLnew − IV OLold. D{Π<0} is the dummy that takes value 1 when holding
period return is negative, Π < 0. Π and D{Π<0} × Π are included in the regression to absorb any
trend which possibly differes in the positive and negative domain of profit. For various regressions
I control for the volatility and beta of the old stock and also the difference in IVOL or difference
in beta where applicable. For different regressions, date, individual and year level fixed effects are
also used; but only only the individual and year level can be used together. For all the regressions
stanadrd errors are computed by clustering at the individual level.
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∆β ∆IV OL
(1) (2) (3) (4) (5) (6) (7)

DΠ<0 0.0515 0.0581 0.0405 0.0577 0.0547 -0.000229 -0.0000925
(4.05) (5.30) (4.01) (5.71) (6.04) (-1.46) (-0.95)

Π 0.00214 0.00416 0.00389 0.00406 0.00772 -0.000288 -0.0000646
(0.59) (1.63) (1.00) (1.87) (3.05) (-3.35) (-3.41)

DΠ<0 ×Π -0.0156 -0.0298 0.00575 -0.0251 -0.0288 0.00121 0.000332
(-1.21) (-2.26) (0.49) (-2.31) (-2.58) (2.54) (2.19)

σold -5.492 -11.01 -8.539 -17.43 -0.488 -0.872
(-2.89) (-5.19) (-4.71) (-6.70) (-10.13) (-59.94)

βold 0.00544 0.00472
(4.86) (13.38)

∆IV OL -2.255 -4.777 -3.623 -8.107
(-0.94) (-2.58) (-1.53) (-3.76)

∆β 0.00132 -0.000573
(2.25) (-1.09)

Constant 0.0294 0.190 0.361 0.281 0.300 0.00959 0.0204
(0.54) (3.68) (6.51) (5.77) (1.42) (8.60) (19.39)

Date F.E. X

Individual F.E. X X X

Year F.E. X X

Observations 554,436 554,436 554,436 554,436 554,436 554,436 554,436
Adjusted R2 0.002 0.019 0.079 0.080 0.117 0.242 0.479

t statistics in parentheses. Standard Error computed with stock level clustering.

Table C.5: Regression with Individual Investor Data (Stock Level Clustering): The
dependent variable in regressions (1) through (5) is ∆β = βnew − βold while that in (6) and (7) is
∆IV OL = IV OLnew − IV OLold. D{Π<0} is the dummy that takes value 1 when holding period
return is negative, Π < 0. Π and D{Π<0} × Π are included in the regression to absorb any trend
which possibly differes in the positive and negative domain of profit. For various regressions I
control for the volatility and beta of the old stock and also the difference in IVOL or difference
in beta where applicable. For different regressions, date, individual and year level fixed effects are
also used; but only only the individual and year level can be used together. For all the regressions
stanadrd errors are computed by clustering at the stock level.
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∆ log(β) = log(βnew/βold) ∆ log(IV OL)
(1) (2) (3) (4) (5) (6) (7)

DΠ<0 0.0684 0.0838 0.0578 0.0806 0.0775 -0.0158 -0.0102
(4.37) (6.21) (4.04) (6.23) (6.30) (-2.79) (-2.43)

Π 0.00264 0.00943 0.00919 0.00758 0.0118 -0.00739 -0.000109
(0.47) (2.41) (1.72) (2.37) (2.76) (-2.88) (-0.04)

DΠ<0 ×Π -0.000108 -0.0400 -0.00128 -0.0326 -0.0367 0.0396 0.0130
(-0.01) (-2.24) (-0.08) (-2.35) (-2.51) (2.65) (1.75)

σold -6.072 -11.36 -9.361 -18.37 -12.85 -24.64
(-2.55) (-2.90) (-3.89) (-4.06) (-16.68) (-20.56)

βold 0.165 0.186
(4.36) (8.73)

∆ log(IV OL) 0.189 0.124 0.160 0.0324
(1.65) (1.33) (1.43) (0.30)

∆ log(β) 0.0724 0.0507
(6.94) (5.54)

Constant 0.0362 0.210 0.377 0.310 0.308 0.232 0.544
(0.52) (2.72) (3.27) (4.07) (1.34) (7.77) (9.06)

Date F.E. X

Individual F.E. X X X

Year F.E. X X

Observations 546,448 546,448 546,448 546,448 546,448 546,448 546,448
Adjusted R2 0.001 0.025 0.061 0.070 0.087 0.193 0.379

t statistics in parentheses. Standard Error computed with stock level clustering.

Table C.6: Regression with Individual Investor Data (Stock Level Clustering): The
dependent variable in regressions (1) through (5) is ∆ log(β) = log (βnew/βold) while that in (6)
and (7) is ∆ log(IV OL) = log (IV OLnew/IV OLold). D{Π<0} is the dummy that takes value 1
when holding period return is negative, Π < 0. Π and D{Π<0}×Π are included in the regression to
absorb any trend which possibly differes in the positive and negative domain of profit. For various
regressions I control for the volatility and beta of the old stock and also the difference in IVOL or
difference in beta where applicable. For different regressions, date, individual and year level fixed
effects are also used; but only only the individual and year level can be used together. For all the
regressions stanadrd errors are computed by clustering at the stock level.
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Dependent Variable

∆β ∆σ
Independent

(1) (2) (3) (4) (5)
Variables

Intercept
0.001 0.15 0.15 0.007 -0.005
(0.32) (23.16) (23.18) (54.23) (45.24)

DΠ<0
3.42% 2.53% 2.44% -.02% -0.01%
(4.88) (4.61) (4.42) (-1.79) (-1.09)

βold
-0.51 -0.51 0.005 0.003

(-106.25) (-106.22) (47.81) (37.19)

σold
11.55 12.56 -0.43 -.51

(51.27) (39.59) (-102.88) (-112.87)

MAX5old
-0.74 0.18

(-4.55) (71.52)

∆σ
21.96 22.63

n.a. n.a.
(91.42) (73.01)

∆MAX5
-0.51 0.27

(-3.40) (133.86)

∆β n.a. n.a. n.a.
0.009 0.006

(91.42) (73.01)

N 32,947 32,947 32,947 32,947 32,947

R-Sq(Adj) 0.07% 38.72% 38.75% 37.75% 59.68%

Table C.7: Regression with Institutional Investors A linear regression setup to study the
selection of higher risk stock by non-individual investors (non-financial companies, institutions,
government, non-profit, foreign entities). The first three regression tests the jump in beta over
profit vs. loss domain, controlling for change in MAX5 factor, change in volatility and the old beta
among other things. Regression four and five tests the jump in volatility, controlling for change in
beta and max factor among other variables. Apart from those listed control variables Π and an
interaction variable DΠ<0 ×Π are also included to absorb any trend in beta choice.
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Dependent Variable

∆β ∆σ
Independent

(1) (2) (3) (4) (5)
Variables

Intercept
0.046964 0.221672 0.221651 0.00756 0.004805
(27.45) (74.21) (74.23) (121.48) (95.07)

DΠ<0
2.55% 1.75% 1.71% -0.011% -0.014%
(8.53) (7.47) (7.28) (-2.17) (-3.48)

βold
-0.579476 -0.578752 0.004939 0.003125
(-246.68) (-246.43) (85.53) (67.20)

σold
10.6005 11.71672 -0.440149 -0.53561
(103.36) (80.75) (-221.92) (-249.10)

MAX5old
-0.848261 0.193601
(-11.19) (160.86)

∆σ
19.33892 20.57537

n.a. n.a.
(182.26) (150.68)

∆MAX5
-0.955017 0.275131
(-14.33) (302.06)

∆β n.a. n.a. n.a.
0.008861 0.006019
(182.26) (150.68)

N 160,629 160,629 160,629 160,629 160,629

R-Sq(Adj) 0.05% 39.04% 39.12% 35.67% 58.98%

Table C.8: Regression with Institutional Investors(larger sample). A linear regression
setup to study the selection of higher risk stock by non-individual investors (non-financial compa-
nies, institutions, government, non-profit, foreign entities). The first three regression tests the jump
in beta over profit vs. loss domain, controlling for change in MAX5 factor, change in volatility and
the old beta among other things. Regression four and five tests the jump in volatility, controlling
for change in beta and max factor among other variables. Apart from those listed control variables
Π and an interaction variable DΠ<0 ×Π are also included to absorb any trend in beta choice. The
sample here is larger since I drop the constraint that the new stock has to be a first buy, so there
can be existing balance of the new stock.
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Time Gap Expertise
Independent

< 1Q 1Q–2Q > 2Q Frq. Wlth. Div.
Variables

D{Π<0}
2.12% 1.17% -0.15% 5.18% 2.28% 3.30%
(13.91) (1.67) (-0.25) (6.08) (15.31) (10.11)

D{Π<0} ×Dexp.
-3.02% -2.59% 1.32%
(-3.49) (-1.93) (-3.60)

Controls X X X X X X

Fixed Effects X X X X X X

N 515,883 26,833 10,710 554,440 554,440 554,440

R-Sq(Adj) 67.32% 98.87% 99.70% 68.69% 68.69% 68.68%

Table C.9: Acquisition Effect with Different Time Gaps and Expertise. The dependent
variable in all six regressions is ∆β = βnew − βold. The main independent variable of interest is
D{Π<0}, which is the dummy that takes value 1 when total return is negative, Π < 0. The entire
sample corresponds to the ‘larger sample’ described in data section where the date between the
selling of old stock and buying of the new stock, defined as the date gap, is allowed to be up to
one year, 250 trading days. In the first three regressions, the sample in split into three groups.
First sample is where data gap with within 1 quarter or 60 trading days. The second sample is
where the date gap is between one and two quarters and the third split is for one is more than two
quarters. The last three regressions identify variation in the acquisition effect based on ‘expertise’
of investors. A dummy variable Dexp corresponds to one if the individual is determined to be an
expert. This variable in interacted with the profit dummy D{Π<0} × Dexp. to estimate the effect
difference. Three measures of expertise are used. The first is how frequently the individual trades.
The second is wealth proxied by observable average size of transactions. The third measure is
diversity of portfolio, it is estimated by the average number of stocks held by an individual in
particular year. More frequent trading, higher wealth and greater diversity are assumed to be signs
of expertise of an individual. The control variables include beta and volatility of the old stock and
difference in idiosyncratic volatility between new and old stock. The fixed effects include individual
level fixed effect and year fixed effect. Estimates are provided in percentages to suppress decimals
and values in parenthesis are t-statistics.
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Figure C.1. Difference in Beta of Old Stock and the New Stock vs. Realized Return
in Percentages. The vertical axis is the difference in Beta computed as ∆β = βnew − βold. The
horizontal axis is the realized profit from the buy-sell transaction in percentages. The solid line
represents the moving average line through fifty nonparametric estimates of ∆β while the dotted
lines are 2 standard error confidence intervals.
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Figure C.2. Difference in Beta of New Stock and the Old Stock vs. Realized Return
in Dollar Amounts. The vertical axis is the average of the difference in Beta ∆β for each bin,
where ∆β = βnew − βold. The horizontal axis is the realized profit from the buy-sell transaction
in dollar amounts. The solid line represents the moving average line through fifty estimates of ∆β
while the dotted lines are two standard error confidence intervals.
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Figure C.3. Difference in Beta (Less Frq. Traders) vs. Realized Return in Dol-
lar Amounts. ∆β plotted against dollar profits for individual traders who trade relatively less
frequently. The entire sample of individual traders is split into two groups of higher and lower
frequency traders.
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Figure C.4. Difference in Beta (More Frq. Traders) vs. Realized Return in Dollar
Amounts. Exactly same as previous graph now for individual investors who trade more frequently.
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(a) Difference in market risk, ∆β
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(b) Difference in volatility, ∆σ and difference in idiosyncratic volatility, ∆IV OL

Figure C.5. Difference in β, σ and IV OL vs Holding Period Profit. The x-axis in both
the figures represent holding period profit of the old stock, Π. The graphs are plotted for profit
range Pi ∈ [−20%, 20%]. Fig. C.5a represents the non parametric kernel regression estimate of
the function f̂ : Π ∈ [−20%, 20%] 7→ ∆β̂ ∈ R where ∆β = βnew − βold. In Fig. C.5b similar
non parametric kernel estimates are plotted for the change in volatility ∆σ (blue dashed line) and
change in idiosyncratic volatility ∆IV OL (red solid line).
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Figure C.6. Difference in Acquisition Effect for Different Expertise Levels. The red and
the blue lines represents the low and high expertise investors respectively. Expertise here being
measured by how frequently an individual trades, more frequent is assumed to be signal of higher
expertise. The shaded area around the lines represent bootstrapped confidence intervals.
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(a) Difference in market risk, ∆β as the dependent variable.
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(b) Difference in idiosyncratic volatility, ∆IV OL as the main dependent variable.

Figure C.7. Plot of Regression Estimates. Semi percentiles of the holding period return
is estimated and fifty dummy varies are assigned, one to each bin. The top figure, Fig. (C.7a)
represents the coefficient plot corresponding to the regression where ∆β = βnew − βold is the
dependent variable. Similarly, the bottom plot, Fig (C.7b) corresponds to ∆IV OL. Year and
individual level fixed effects are included in the regressions. The volatility of the old stock and any
linear trend is controlled for. Additionally for regression corresponding to ∆β, ∆IV OL is controlled
for and vice versa. The dots in the figures are coefficient estimates corresponding to forty nine of
the fifty dummy variables plotted against the median return of each semi percentile.The solid blue
line is a smoothed moving average plot through the coefficient estimates and the dashed lines
correspond to 95% confidence interval.
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Figure C.8. Percentage of Sell Transaction with Following Trade vs. Day of following
Trade (non-individual investors): The number of days are counted as number of trading days
from the ‘sell’ transaction of the buy-sell pair in the data. The zero day on the horizontal axis
represents the number of sell transactions that had another a buy or a sell by the same account
holder, in a different stock on the same date. So 46% of the sell transactions in the data had
another sell transaction on the same date and 37% had a buy transaction. The rest of the numbers
represent the number of trading days after which the same account holder made her first transaction
after the initial sell. For example 34.72% of all sell transactions are followed by a sell transaction
on the next day while 36.24% are followed by a buy. Similarly 9% of all sell transactions saw the
next transaction two days later and it was a sell, while 9.89% saw the next transaction as a buy,
two days later. For this graph I consider followup transaction up to a month(21 days). If a sell
transaction does not have a followup transaction within a moth it is grouped together as > 21.
From day 1 to day 21 and the > 21 sums up to 100% for both buy and sell transaction. Also of all
the sell transactions in the data, 77.75% have at least one following sell transaction within 1 and
21 days while 78.96% have at least one buy.
.
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Figure C.9. Beta Difference Across Different Initial Beta Holdings. The three plots in
this graph corresponds to three different levels of beta for the initial stock. The top plot is for low
initial beta stock, the middle one is for medium initial beta and the bottom one is for high initial
beta stocks. The vertical axis is ∆β and horizontal axis is return in percentages.
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Figure C.10. Prospect Theory Utility Function A utility function, V (W −Wref ), consistent
with the prospect theory (Kahneman and Tversky (1979)) can be defined as V (W − Wref ) =
(W −Wref )α for W ≥ Wref and V (W −Wref ) = −λ(−(W −Wref ))α for W < Wref . W is the
wealth from which utility is to be gained while Wref is the reference wealth. α is the curvature
parameter which takes positive values less than one. So the function is concave in the positive
domain and convex in the negative domain. λ is the loss aversion parameter which takes positive
and greater than one value. Loss aversion implies that a loss hurts much more than a gain of
similar magnitude provides utility. The graph is plotted for wealth W ∈ [80, 120] with reference
wealth Wref = 100; parameter values used are those calibrated in Tversky and Kahneman (1992):
α = 0.88 and λ = 2.25.
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Figure C.11. Utility Difference Plotted Against Beta and Current Wealth. (∆U =
UAgg − USeg vs. β × W0). The utility difference, UAgg − USeg = [δE(V (W1 − Wref ))] −
[V (W0 −Wref ) + δE(V (W1 −W0))], depends on future wealth W1 = W0(1 + R1), current wealth
W0 and reference wealth Wref . I assume the time period to be monthly and thus assume away the
time discount of utility, δ = 1. The reference wealth is fixed at hundred, Wref = 100. Stock is
picked from a continuum consistent with CAPM: R1 − Rf = β(Rm − Rf ) + ε. The market return
and the idiosyncratic error both follow normal distributions, Rm ∼ N (µ, σ2

m), ε ∼ N (0, σ2
ε ). Pa-

rameters, µ = 0.87%, Rf = 0.3%, σm = 4.4% and σε = 9% are calibrated using monthly US stock
data from CRSP between 1960 and 2015. Surface plots are generated for current wealth from 80
to 100, which implies a profit range of ±20%. Beta is allowed in range β ∈ [−0.5, 5]. The points in
the surface with Z-axis value above zero implies UAgg > USeg, and thus aggregated mental account
utility is more profitable than the segregated counterpart.
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Figure C.12. Expected Utility plotted against Choice of Beta and Current Wealth.
One period ahead expected utility E(V (W ∗1 −Wref )) depends on future wealth W ∗1 due to optimally
chosen beta β, reference wealth Wref = 100 standardized to one hundred and current wealth W0 .
The red locus along the surface represents the future expected wealth due to optimally β for a given
current wealth W0. Plots are generated for current wealth from 80 to 100, keeping the reference
wealth at 100, which implies a profit range of ±20%. Beta is allowed in range β ∈ [−0.5, 5].
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