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Abstract

From 1987 to 2008, riskier firms were more likely to be taken over. Yet, on average, the

acquirer declined in value by 2.8% when it bought a “risky target” (the third tercile,

having an annualized idiosyncratic volatility of 61% or more), but only by 0.6% when

it bought a “safe target” (the first tercile, 38% or less). The effect was even stronger

for risky targets with positively skewed expected returns. The value difference is robust

to controlling for acquirer and target characteristics, and carries over to the joint value

change. Riskier target acquisitions also had lower post-acquisition accounting returns.

An acquiring-firm CEO fixed effect in the data suggests CEO preferences play a role,

which we can trace to several proxies for gambling propensity.
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1. Introduction

Takeovers are among the largest and most important corporate investment decisions. From 1987 to

2008 the average transaction value in acquisitions of public US targets by US bidders was about $1

billion.1 On average, acquirers spend an amount equal to about half of their market capitalization

in each deal. In total, from 1987 to 2008, firms spend more than $3 trillion on those takeovers.

Given the amount of money at stake, understanding takeovers is one of the most important tasks

for financial economists.

In this paper we present new empirical evidence on the two central questions about takeovers:

what makes a firm a takeover target? And which deals create shareholder value? Our main result

is that the riskiness of the target firm – which we measure by idiosyncratic volatility of the target

firm – is a central variable explaining variation in merger outcomes. Riskier firms are more likely

to be taken over, deals with risky targets are worse for bidders, they are worse for the combined

bidder and target value, and bidders acquiring risky targets have lower accounting returns going

forward. While we are not the first to ever use target volatility in the M&A literature, our study

is, to the best of our knowledge, among the first to place target risk, and its impact on a range of

merger outcomes, front-and-center.

In our sample of more than 3,000 domestic US takeovers of public target firms from 1987 to

2008, we first show that target riskiness affects the probability of being taken over. Using public

firms in Compustat as the universe of potential takeover targets, we find that in 19 out of 22 years,

firms with above median target riskiness are more likely to be taken over (Figure 1). If we focus

only on larger, economically more important, firms with sales exceeding $50 million, we find that

riskier firms are more likely to become targets in each year in the sample. In the average year, the

probability of becoming a target is almost twice as high (86%) for the top tercile of firms in terms

of riskiness relative to the bottom tercile.

Risky firms are more likely to become takeover targets, yet risky targets are bad for shareholders

of bidding firms. After adjusting for the confounding effect of target size, the acquirer declined in

value by 2.8% when it bought a “risky target” (the third tercile, having an annualized idiosyncratic

volatility of 61% or more), but only by 0.6% when it bought a “safe target” (the first tercile, 38%

or less). In multivariate regressions, a one standard deviation change in target volatility leads to

1The numbers in this paragraph are based on the data set we use in this paper.
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three-day announcement returns that are 82 bp, which is economically large relative to an average

bidder announcement return of –1.7%. For the average acquirer in our sample, this translates into

a value reduction of $46 million. Across all 3,130 deals in our sample, this implies a value loss of

about $144 billion.

In terms of economic magnitude, these bidder effects are first-order. For example, in their recent

survey article, Betton, Eckbo, and Thorburn (2008) suggest that the size of the bidder, and whether

the bidder pays with its own stock, are among the most important drivers of bidder returns.2 In

our sample, all-stock deals are associated with 1.9% lower bidder returns than cash-deals, and

the largest bidders (top tercile) have about 0.4% lower returns than the smallest bidders (bottom

tercile). In multivariate regressions, a one standard deviation change in target risk yields a larger

change in bidder returns than a corresponding change in all-stock payment or bidder size. Target

riskiness therefore matches, if not surpasses, those prominent drivers of bidder returns in terms of

economic significance.

Looking at the combined value created for bidder and target firms, we find that deals with risky

targets are creating substantially less value. Deals with safe targets create a target-size adjusted

2.6% in combined value. By contrast takeovers with risky targets create combined gains of only

0.1%, not statistically different from zero. Takeovers involving risky targets are therefore more

likely to occur, more value destroying for bidders, and not value creating overall. Finally, we find

that bidders perform worse in terms of accounting return on assets in the three years after taking

over a risky target.

After establishing those effects of target risk on merger outcomes, we ask, in a second step,

whether there is a plausible economic story linking those results. We consider several alternative

mechanisms, and argue that the data is most consistent with a novel unifying narrative based on

gambling preferences of bidding firm CEOs.

Gambling is one of the most well-documented phenomena in individual decision making, and

a long-standing challenge for traditional theories of choice. Most gambles, e.g., casino gambling

or lottery tickets, are negative NPV projects since participants pay more than the actuarially fair

price. One way to “rationalize” playing is to assume players are subjectively overweighting the

good states of the world, i.e., that they focus too much on the chance of winning. We propose that

2They also mention the status of the target as a public or private entity. Since target risk is available only for
public targets, this is less relevant in our context.
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the same effect can help us understand the impact of target riskiness on merger outcomes. Bidding

firm CEOs focus too much on upside potential and therefore overpay for targets that are attractive

as a bet. Since high volatility is a signature characteristic of attractive bets, as we explain in more

detail below, there is a direct link between gambling attitudes and target riskiness.

Two empirical observations support this theory. First, survey evidence shows CEOs are the

central decision-makers in most M&A deals (Graham, Harvey, and Puri (2011)), so their personal

preferences and biases may be reflected in takeover decisions. Second, almost 50% of CEOs in a

survey by Graham, Harvey, and Puri (2010) say that “gut feeling” is either important or very im-

portant for their M&A decisions. Presumably, CEOs rely on intuition because standard valuation

methods to determine a fair takeover price, such as, for example, discounted cash flow valuation

(DCF), are very imprecise, and assumptions underlying those models contain a substantial subjec-

tive component. Since higher target-firm riskiness likely lowers the precision of valuation models,

gut feeling becomes relatively more important, and therefore behavioral factors like gambling pref-

erences are more likely to lead to suboptimal decisions when volatility is high.

The data support an explanation that focuses on CEO preferences. We find that CEO fixed

effects are empirically important determinants of target firm riskiness over and above industry or

firm characteristics, using a methodology similar to Bertrand and Schoar (2003). The method

exploits observations on takeover-initiating CEOs who switch companies, and companies which

change CEOs, to estimate CEO fixed effects on top of firm fixed effects. Intuitively, those tests

reveal if the personality of a CEO matters for the choice of target risk. Consistent with our

proposed role for CEO gambling preferences, results indicate that the “style” of the CEO explains

a significant part of the variation in target volatility.

Additional pieces of evidence are consistent with the CEO-gambling conjecture. We show that

target firm skewness makes our results stronger. For example, the target-size adjusted difference

in takeover probability between safe and risky targets is 1.7 percentage points. Comparing the low

skewness portion of safe firms with the high skewness portion of risky firms, this gap widens to 2.1

percentage points. For bidder returns, the gap of 2.2 percentage points between deals with safe

and risky targets increases to 3.2 percentage points when we compare low skewness safe targets to

high skewness risky targets. For synergies the gap widens as well. For the high skewness portion of

risky targets, the point estimate on target-size adjusted synergies actually turns negative (–0.1%
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but insignificant). Since skewness, like volatility, is a salient characteristic of attractive bets, these

results are in line with a gambling story.

Finally, we present additional evidence suggestive of a gambling channel. We find results are

stronger for young CEOs, who might be more likely to find risky bets attractive, and CEOs with

high ownership, who have more power to influence takeover decisions. Effects are also stronger

when we measure CEO gambling propensity using a geographical proxy due to Kumar, Page,

and Spalt (2011). Last, using a small hand-collected sample of individual CEO’s religious beliefs,

we document that effects are stronger for Catholic CEOs, which is consistent with the gambling

hypotheses (see below for background on work about religious gambling norms).

Overall, we document target riskiness is a first-order determinant of who is taken over and who

profits from a transaction. In terms of economic significance for bidder returns, target riskiness is

on par with, or even surpasses, some major drivers identified in the previous literature, including

bidder size and all-stock payment. We argue based on additional results that the impact of target

riskiness on merger outcomes may be due to bidding firm CEOs who gamble by focusing too much

on the upside potential of a target firm. As we explain in greater detail below, this is testably

different from CEO overconfidence.

2. Data and Key Variables

Main Variable: Target Risk. The main explanatory variable we use is idiosyncratic volatility

of the target firm, which we refer to interchangeably as “target risk”, “target riskiness”, or “target

volatility”. We measure it as the standard deviation of the regression residual from a Fama and

French (1993) three-factor model. For a given firm i we run the following regression using three

years of daily data:

Ri −Rf = αi + βi(RM −Rf ) + γiSMB + θiHML+ εi. (1)

Idiosyncratic volatility of firm i is then defined as

ivi =

√∑n
k=1 ε

2
k,i

n
. (2)
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If a takeover of firm i is announced in month t, we compute ivi over the three year period up

to and including month t− 2, and refer to the resulting value as target risk.

Our results do not depend on the three-year window, and we show that results are very similar

for reasonable alternative windows, including one, two, four, and five year windows, and using

monthly returns instead of daily returns. We obtain factor returns from Kenneth French’s website.

Merger Sample. Our initial sample consists of all takeover bids involving public US targets and

acquirers listed in the Thomson Reuters SDC database from January 1, 1987 to December 31, 2008.

Following Baker, Pan, and Wurgler (2012) we require that the bidder offers to purchase at least 85%

of the target firm shares or that the portion of shares acquired is not reported.3 We exclude deals

with missing offer price, deals with a deal value smaller than $1 million, penny stocks, repurchases,

recapitalizations, rumored, and target solicited deals. We obtain stock price data from CRSP and

balance sheet data from Compustat for both acquirer and target firms.

The dependent variables we use are standard. We calculate acquirer and target cumulative

abnormal returns over a three day window around the announcement using market model estimates

based on daily data estimated over days [-280,-31]. Synergies are estimated following the procedure

in Bradley, Desai, and Kim (1988) as a weighted average (by market capitalization) of target and

bidder percentage returns (taking into account toeholds).

In addition to our main variables, we control for standard variables identified in the literature

in all our regressions. In particular, following Baker, Pan, and Wurgler (2012), we control for the

return on assets, defined as EBITDA (Compustat: EBITDA) over total assets (Compustat: AT),

market capitalization, defined as price (CRSP: PRC) times shares outstanding (CRSP: SHROUT),

and the book to market ratio, defined as book equity divided by market capitalization, where book

equity is total shareholders’ equity (Compustat: SEQ) plus deferred taxes and investment tax credit

(Compustat: TXDITC) minus the redemption value of preferred stock (Compustat: PSRKRV).

All these variables are calculated for acquirers and targets, and are based on the last fiscal year end

before the announcement. Following Moeller, Schlingemann, and Stulz (2004) we include additional

control variables. First, we obtain a set of deal characteristics from SDC, including dummy variables

indicating payment through stock only or cash only, tender offers, hostile takeovers, conglomerate

3There are 63 deals in our final sample with missing data on the percentage of shares sought by the bidder.
Dropping those observations does not affect our results.
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mergers (mergers in which the bidder is in a different 2-digit SIC code industry than the target),

and competed deals (with more than one bidder). We also include a dummy variable indicating new

economy firms (classified by SIC codes 3570 to 3579, 3661, 3674, 5045, 5961, or 7370 to 7379), and

the number of transactions in the same 2-digit SIC code industry and year, to control for periods

of heightened M&A activity in all our regressions. We winsorize all variables at the 1% and 99%

level.

In some of our tests, we use expected idiosyncratic skewness (EISKEW), which we refer to also

as “skewness” for short, computed following the approach of Boyer, Mitton, and Vorkink (2010),

and a lottery index LIDX due to Kumar (2009). We explain the construction of those variables in

greater detail in Appendix C.

In some of our tests we use religious affiliation data obtained from the “Churches and Church

Membership” files from the American Religion Data Archive (ARDA), county-level demographic

data from the US Census, CEO age, compensation, and ownership data from ExecuComp, religious

affiliations of CEOs from the Marquis Who’s Who online database, insider trading data from the

Insider Filing Data Feed (IFDF), and analyst forecasts from the Institutional Brokers’ Estimate

System (I/B/E/S) both provided by Thomson Reuters.

Takeover Probability Sample. For our tests on the takeover probabilities, we start with all

listed domestic US targets from SDC between 1987 and 2008. We then add all other firms in

Compustat in that period. To make sure we are not misclassifying target and control firms, we

cross-check the SDC announcements with Compustat. We classify a firm as a target if it is part

of our SDC sample, or, if there are no data on that deal in SDC, we classify a firm as a target in

the last year it appears on Compustat if the reason for deletion from the active file is “Acquisition

or Merger” (DLRSN = 1). To keep the set of control firms clean, we exclude the last firm-year

reported on Compustat if firms go bankrupt, are liquidated, or disappear from the Compustat file

for other special reasons.4 For all firms in the resulting sample, target riskiness and the control

variables are based on the fiscal year end before the announcement if the target was identified via

SDC, and the last available fiscal year end, if the target was classified via Compustat.

4We identify those firms by DLRSN codes 2 to 14. Our results do not depend on dropping those firms.

6



Table 1 presents summary statistics for the main variables used in our study.

3. Target Riskiness and Merger Outcomes

This section presents our main results. We show that target riskiness – which we measure by

idiosyncratic volatility of the target firm – has a strong impact on takeover probabilities, bidder

announcement returns, synergies, and long-run accounting returns.

3.1 Takeover probability

We start by a simple sorting exercise on the takeover probability sample described in Section 2

above. Table 2, Panel A, shows that the probability of receiving a takeover bid increases in idiosyn-

cratic volatility (“riskiness”). The bottom tercile of firms in terms of risk (annualized idiosyncratic

volatility of 38% or below) have a 4.0% chance of being taken over, compared with 5.7% for the top

tercile of risk (61% or above). The difference is both economically sizeable as well as statistically

significant.

This pattern also obtains when we sort the data year-by-year. Figure 1 presents results for

safe firms (bottom tercile of riskiness in that year) and risky firms (top tercile). In 19 out of 22

years, risky firms have a substantially larger probability of becoming takeover targets. On average,

annual takeover probability is 1.8 percentage points larger for high volatility firms, which is large

relative to a sample mean of 5.1%. The chance of risky firms to be taken over is 42% higher on

average, than the chance for safe firms. The maximum difference in takeover probability over the

sample period is 4.8 percentage points in the year 2002.

To show those patterns obtain also in a multivariate setting, Table 3 presents results from

estimating Linear Probability Models. The dependent variable is one if the firm is taken over in

the next fiscal year. Standard errors are clustered at the firm level. We follow Palepu (1986) and

Ambrose and Megginson (1992) in the control variables we use. Specification (1) shows that target

riskiness is strongly positively related to the takeover probability. The point estimate implies that

a one standard deviation shift in target risk increases the annual takeover probability by 38 basis

points (= 1.72× 0.0022), which is sizeable relative to an unconditional probability of 5.1%.

Specification (2) shows that this is not driven by year effects, and specification (3) shows that
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including both year and industry fixed effects (2-digit SIC codes) leave the results largely unchanged.

Mergers cluster by time and industry. To rule out our results are due to time-varying industry-

factors, specification (4) presents results from interacting year with 4-digit SIC code industries.

Results show that target risk is still a significant predictor of takeover probability even when we

look only within the same year and 4-digit SIC code industry, i.e., a very close control group.

One potential concern about those results could be that they are mainly driven by acquisitions

of tiny target firms which are more risky. It turns out that this is not the case. To the contrary,

our results are much stronger when we focus only on larger firms with sales above $50 million.

Specifications (5) and (6) present results when we rerun specifications (1) and (4) on this subset of

larger firms. The point estimate in specification (6) is more than 4 times higher and a one standard

deviation change in target riskiness now implies a 1.3 percentage point (= 1.72× 0.0073) increase

in the takeover probability, a change of 25% relative to the baseline probability of 5.1%. While we

do not show those results for brevity, recomputing Figure 1 for only the subsample of large firms

yields that the high volatility group has a larger takeover probability in every year from 1987 to

2008.

In sum, risky firms are more likely to be taken over and the effect is even more pronounced

when we focus on larger, economically more important, firms.

3.2 Acquirer announcement returns

We next examine the impact of target risk on cumulative abnormal acquirer returns (ACAR).

Sorting results. In a fist step we sort three-day ACARs into target volatility terciles. Table 2,

Panel A, presents results. We find that high target riskiness is associated with significantly lower

ACARs. For averages of ACAR in Panel A, acquirers of risky targets lose 0.5 percentage points

more in the three-days around the announcement than acquirers of safe targets.

This difference is non-trivial. But it is clouded by a strong negative correlation between target

volatility and the size of the target (ρ = −0.51), which, in turn, is negatively related to ACARs

(ρ = −0.15). To get a cleaner measure of the volatility impact, we regress ACARs on dummies for

each target risk tercile and demeaned target size without a constant. The residual ACAR column in

Table 2 presents the target-size adjusted results from that procedure. As we remove variation due
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to target size, the spread between high and low target risk terciles widens considerably. Risky deals

are now associated with a 2.8% loss over the three days around the announcement, 2.2 percentage

points more than safe deals. This difference is highly significant both economically and statistically

(t = 6.74).

In sum, these sorting results show that target riskiness captures substantial variation in an-

nouncement returns. Bidding-firm shareholders lose substantially more when the takeover target

is risky.

Multivariate results. To further investigate the relationship between target risk and ACAR we

run multivariate regressions for different sets of control variables and event windows. We largely

follow the prior literature in the regressions we run and the control variables we use. Specifically,

we regress announcement returns on target riskiness, a set of acquirer and target characteristics

suggested by Baker, Pan, and Wurgler (2012) and a set of deal characteristics suggested by Moeller,

Schlingemann, and Stulz (2004). We also include a dummy variable indicating new economy firms,

and the number of transactions in the same 2-digit SIC code industry and year, to control for

periods of heightened M&A activity. We run OLS regressions and cluster standard errors in all

regressions by announcement month.

Table 4 presents results consistent with our simple sorts. Across all specifications we find that

riskier targets are associated with lower announcement returns for the bidder. Those results are

significant both statistically and economically. For example, the model in specification (2) implies

that a one standard deviation increase in volatility decreases the announcement return of the

acquirer by 82 basis points (= 1.81 × −0.451), which is 49% relative to the mean announcement

return of -1.7%. The mean size of the acquirer in our sample is $5.57 billion, so this would translate

into an additional loss due to gambling attitudes of $46 million (= $bn 5.57 × 82bps) in acquirer

firm value around the announcement due to target risk. Across the 3,130 deals used in Column (2)

this implies a total value loss of about $144 billion. Those effects are substantial and cannot be

explained by any of the standard deal or firm control variables used in the literature.

The remaining specifications show those results are robust to sensible alternations of the stan-

dard setup. Specification (3) adds acquirer riskiness, bidder industry, target industry, and year

fixed effects. The coefficient on target riskiness remains largely unchanged and the model shows
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that neither acquirer riskiness, nor time-invariant industry or year variables, can explain the target

risk effect. Specifications (4) to (6) repeat the baseline model using alternative event windows. We

show results for a 7 day window, an 11 day window, and a long window from day -30 to the close

of the transaction. Over the long window a standard deviation change in target riskiness leads to

a substantial 2.9 percentage point drop in bidder announcement returns.

Our results are not special to how we calculate idiosyncratic volatility in equation (2). Using

daily returns over 1, 2, 4, or 5 years, or monthly returns over 3, 4, and 5 years produces very similar

results (Table D.1, Panel A, in Appendix D). Finally, our results are not driven by small targets.

Table D.1, Panel B, in Appendix D shows our results become even stronger when we focus on

larger, economically more relevant, deals with target market capitalization exceeding $50 million.

Graphical evidence. Figure 2 presents graphical evidence. We show ACARs in event time for

high and low target riskiness groups, defined by splitting the sample at the median, over days

-30 to +30. In the 30 days following the announcement, safe deals lose about 2% in value, while

risky deals lose more than twice as much, 5%. There is no evidence suggesting a difference in

pre-announcement behavior of bidder returns. Both sets of acquirers move almost perfectly in

parallel before the announcement, which makes the large post-merger difference between high and

low target riskiness groups all the more striking.

Matching. To complement our OLS results, we provide matching results in Table 5. We construct

the matches as follows. First, in each year, target firms are divided into two groups at the median of

target volatility. Second, each takeover in the high target riskiness group is matched to a takeover

from the low target riskiness group using the following criteria: same year, same acquirer industry,

same target industry, and target size (market capitalization) within the range of ±20% of the target

in the matched deal. If there is more than one possible match we use the match with the closest

acquirer size. In total we are able to match 417 pairs of acquisitions.

Table 5 shows that the average difference in ACARs between the high and low groups is 1.7

percentage points which is highly significant both economically and statistically (t = 3.96). Consis-

tent with the sorting results and the multivariate regressions, the matching results show acquirer

returns are significantly lower for risky targets.
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3.3 Synergies

Our next set of tests relates target riskiness to synergies, i.e. the weighted average, toehold-adjusted,

target and bidder percentage returns following Bradley, Desai, and Kim (1988).

Sorting results. Table 2, Panel A, shows that synergies decrease in target riskiness. As for

ACARs, the difference between safe and risky deals is economically large, 1.6 percentage points,

and highly statistically significant. Also for synergies, the effects get stronger when we control

for the negative correlation between target size and target riskiness. The difference is then 2.5

percentage points. Remarkably, while deals involving safe targets are value creating, deals with

risky targets on average create combined value of only 0.1%, which is not statistically different from

zero.

Multivariate results. Table 6 presents results using the same controls and event windows as

for bidder returns. The results are in line with the sorts and indicate a strong relation between

target riskiness and synergies. For example, in specification (2) a one standard deviation increase

in target riskiness leads to synergies that are 86 basis points lower (= 1.81×−0.474), which is both

economically and statistically significant (t = −5.21). Relative to the mean percentage synergies of

1.4%, this represents a 63% decrease. As before, these results obtain after controlling for a large set

of standard controls for firm and deal characteristics, including bidder industry, target industry, and

year. Over the long event window from day -30 to the close of the transaction (specification (6)),

both firms together lose 3.8% (= 1.81 × −2.119) in market value due to a one standard deviation

shift in target riskiness.

Table D.2 in Appendix D shows again that our results are robust to using different periods over

which we measure target riskiness, and they are stronger for larger, economically more important,

transactions.

Graphical evidence. Figure 3 shows the development of the combined bidder and target value in

event time for deals with safe and risky targets, defined by splitting the sample at the median target

riskiness over days -30 to +30. While both groups move largely in sync before the announcement,

safe deals jump at announcement and stay on a high plateau of about 3% after the deal. In contrast,

deals with risky targets are bad for combined value. After the announcement it decreases steadily
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to about -1% thirty days after the announcement. As for the bidder returns, the difference in

synergies created for low and high target risk groups is remarkable.

Matching. Table 5 provides matching results for synergies. We construct 413 matched pairs of

acquisitions using the same procedure described above for bidder returns. The average difference in

synergies between the high and low target risk groups is -1.7 percentage points and highly significant

(t = −3.80). While safe-target deals are economically value creating, the average deal in the high

target riskiness group breaks about even (0.1% and therefore very similar to our size-adjusted sorts

in Table 2). Almost half (49%) of the deals in the high target riskiness group have a negative

synergy value, compared with only 40% negative synergy deals in the low target riskiness group.

3.4 Long-run accounting performance

The previous sections show that deals with risky targets are associated with lower stock returns

at announcement. In this section, we investigate if those lower announcement returns reflect poor

accounting performance going forward.

We regress return on assets (ROA), defined as EBITDA over total assets, as a measure of

accounting performance on target riskiness and a set of firm and deal control variables. Table 7

presents results. There is a significantly negative impact of target riskiness on combined-firm ROA

one, two, and, to a lesser degree, three years after the acquisition. This cannot be driven by high

risk targets being low ROA firms, as we control for pre-acquisition ROA of the target firm. Likewise,

we control for pre-acquisition ROA of the bidder, so the results are not due to low ROA bidders

seeking out risky targets. Time-invariant year and industry effects cannot explain this pattern.

The effects are both economically and statistically significant. For example, based on specifica-

tion (2), a one standard deviation change in target risk is associated with a 1.0 (= 1.81×−0.579)

percentage point decrease in ROA in the year after the deal announcement (t = −3.68). Relative

to a sample average ROA of 10%, this is a sizeable effect.

4. An Explanation Based on CEO Gambling Preferences

This section proposes a CEO-based explanation for the target risk effect. Specifically, we show the

data is consistent with an explanation in which CEOs with gambling preferences pay too much
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for risky targets because those targets look like attractive bets. We start by discussing why target

volatility may reasonably be thought of as proxying for gambling attractiveness. We then present

a simple theoretical framework to explain how CEO gambling attitudes can induce the target risk

effect documented in Section 3. We then provide several pieces of evidence supporting the CEO

gambling hypothesis. We discuss alternative mechanisms in Section 5.

4.1 Target volatility and gambling attractiveness

The prior literature on speculation in financial markets suggests that high (idiosyncratic) volatility

is a defining characteristic of stocks that are attractive as a bet.

Baker and Wurgler (2007) define sentiment as “shifts in the tendency to speculate” and argue

that a central implication of investor sentiment is that investors overvalue speculative stocks. They

propose to use volatility as the identifying variable for speculative stocks and write: “High volatility

is characteristic of stocks with strong speculative appeal; low volatility is a bond-like feature.” Con-

sistent with volatility capturing speculative appeal, Kumar (2009) shows that retail investors with

higher gambling propensity are more likely to hold stocks with high idiosyncratic volatility. Brandt,

Brav, Graham, and Kumar (2009) show that speculative episodes in the stock market (like the high

valuations for technology stocks at the turn of the century) are associated with high idiosyncratic

volatility in those stocks most attractive to gambling-motivated investors. In a prospect theory

framework, Spalt (2013) shows that hat employees are more likely to hold equity in their own firm

if that firm is risky, because higher volatility increases the chance of large payouts.

4.2 Theoretical framework

To fix ideas about how gambling preferences of bidding firm CEOs can induce the target risk effect,

consider the following simple reduced-form model.

Assume there are four target firms and four potential bidders, which can each potentially buy

one target.5 The targets are identical except for idiosyncratic features that make two of them look

attractive as a gamble (they are risky). For brevity, we call them lottery targets and the associated

acquisitions lottery acquisitions. The remaining two targets are called non-lottery targets. The

5All implications could also be derived in more complicated setups with a continuum of bidders and targets that
differ in their ability to generate synergies. We focus on the four-by-four setup to establish the main economic
intuition with a minimum of technical machinery.
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market value of all targets under the current management is v.

Bidders differ in their ability to generate synergies. Two bidders are able to run any target

such that it has value v̂H and synergies are then given by SH ≡ v̂H − v. The other two bidders

can create synergies SL ≡ v̂L − v. There is an exogenous fixed cost c incurred by a bidder when

initiating a takeover and, to make the problem interesting, it is assumed that SL < c < SH .

For the moment, all managers care only about shareholder value and their utility is U = US ,

where US denotes utility of the shareholders. Shareholders in all firms have utility functions

US = F , where F denotes fundamental value.6

A takeover occurs whenever both bidder and target are better off after the deal. Targets are

better off if the offer price exceeds the current market value v. Bidder will only go for the deal if

the value of the target after the deal, less the cost is greater than the price paid, i.e. v̂i− c−P > 0,

for i ∈ H,L. For the lowest possible price P = v, this condition reduces to Si − c > 0.7 As

SL < c < SH it follows that exactly two targets will be taken over, one each by those two bidders

that can generate high synergies SH . Since in this baseline case neither shareholders nor CEOs care

about the lottery-type of two of the targets, and since targets are otherwise identical, the takeover

probability will not differ between the two target groups. Acquirer announcement returns will also

not differ between the two groups.

Baseline If a takeover occurs, synergies created will be SH and acquirer announcement returns are

identical for both lottery and non-lottery targets. Lottery and non-lottery targets are equally likely

to receive a takeover bid.

We now introduce gambling preferences. Among the two managers that run bidders with low

synergy potential, let one of them care about the attractiveness of a target as a gamble in addition

to caring about shareholder utility. Similarly, let one of the CEOs of high synergy bidders care

about the attractiveness as a gamble. The utility of these managers is now U = US+α, where α > 0

denotes additional utility the CEO receives due to acquiring a lottery target. We normalize α = 0

if the target is a non-lottery firm. The other managers continue to care only about shareholder

6The critical input we need in deriving our predictions is that bidder CEOs have a preference for lottery targets.
The model predictions would be identical to those of Proposition 1 if we assume that, in addition to the CEO, all
shareholders also have gambling preferences according to US = F + β for any β.

7Strictly, speaking the lowest possible price is P = v + ε, for ε arbitrarily small. Taking this into account clutters
notation but adds no economic value.
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value, i.e. for them U = US .

There are two interesting ways to interpret α. One possibility is to interpret it as private benefits

associated with buying a lottery target. A defining feature of this standard agency model is that

the CEO observes v̂i and α separately and then rationally trades-off private benefits against cost

to shareholders in making the decision. An alternative interpretation, the one that will turn out to

be more consistent with the data, is that the CEO does not actually observe v̂i and α separately.

Instead, she tries to estimate the value of the target after the deal, and v̂i + α is the potentially

biased subjective assessment of that value. U then reflects the subjective assessment of whether

shareholders will benefit from a deal. Under this interpretation, α is a reduced-form way to capture

a bias due to “gut feeling”, which leads a CEO to systematically focus too much on upside potential

in target firms.8

To give a very concrete example, assume there is a well-meaning CEO who tries to do a deal

that benefits shareholders, but wonders whether the correct assumption for future sales growth in

the DCF model she uses is 3% or 5%. The model suggests that the deal creates shareholder value

when assuming 5%, but not when assuming 3%. The CEO does not know which assumption is

correct and she doesn’t know the true probabilities associated with the two scenarios. Assumptions

like sales forecasts and synergy forecasts are both, quantitatively important parameters of most

valuations, and notoriously hard to estimate, so this example – although very stylized – is probably

not completely unlike a problem faced by a real executive. As we discussed in the introduction,

prior research suggests that biases matter particularly for non-routine decisions, like acquisitions.

And biases are particularly likely to occur in situation where decision-makers need to rely on their

intuition, which we know from survey evidence is exactly what CEOs themselves report about

M&A decisions. Our central hypothesis is that the well-documented bias to focus too much on

upside potential would lead CEOs to systematically put too much weight on the growth rate of 5%

compared to the growth rate of 3%. Hence, in the notation of the model, when thinking about

taking over a lottery target, the CEO will on average value the target at v̂i +α, which exceeds the

true fundamental value by α > 0.

Under the above assumptions, the central difference to the baseline setting is that now the

second lottery target may be taken over as well. We prove in Appendix B:

8While we do not pursue this route for tractability here, this could more formally be modeled using, for example,
prospect theory with probability weighting, or a model with optimal beliefs.
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Proposition 1 If α > c−SL, then, on average, both acquirer announcement returns and synergies

will be lower for lottery acquisitions than for non-lottery acquisitions and lottery targets are more

likely to receive a takeover bid. This result applies to the case where all bargaining power is with

the bidder, as well as to the case where all bargaining power is with the target.

A direct empirical prediction from Proposition 1 is that synergies and acquirer returns should

be lower in the average lottery acquisition when managerial gambling propensity (α) is higher.

Note that the impact on average target announcement returns and offer price premia in lottery

deals is ambiguous and the model does not make a prediction for those variables.

In sum, then, the simple theoretical framework in this section shows that CEO gambling pref-

erences can explain the lower synergies and bidder announcement returns, as well as the higher

takeover probability for gambling-motivated deals. If target risk is proxying for the attractiveness

of target firms as a bet, then this framework provides a simple unifying theory to explain the effect

of target risk on merger outcomes documented in Section 3.

4.3 Testing for CEO fixed effects in target riskiness

The first piece of evidence we present to support an explanation based on bidding-firm CEO gam-

bling preferences, comes from fixed effects regressions in the spirit of Bertrand and Schoar (2003).

If CEO biases drive the target risk effect, and if there is some variation in gambling propensity

across CEOs, then we may detect a bidding-firm CEO fixed effect that is useful for explaining the

riskiness of a takeover target. By contrast, if CEOs do not matter for the previous results, there

would be no obvious reason why we should find that CEO fixed effects explain much of the variation

in target risk.

To test for the presence of a CEO fixed effect, we estimate:

ivkit = αi + βXkit + λCEO + εkit. (3)

where ivkit is the idiosyncratic volatility of the target firm k, targeted by bidder i, at time t, αi are

bidding firm fixed effects, Xkit represents a vector of bidder, target, and deal characteristics, λCEO

are bidding-firm CEO fixed effects and εkit is an error term. In this model, we can identify λCEO

(i) if we observe the same CEO making an acquisition in multiple firms or (ii) if we see more than
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one CEO in a given firm.

The results in Table 8 show that CEO fixed effects have explanatory power for target riskiness.

For target risk, adjusted R2 increases from 63.9% to 66.4% when CEO fixed effects are added on top

of firm fixed effects. The joint F-test for the CEO fixed effects is significant at the 1% level. Hence,

CEO fixed effects explain variation in the riskiness of target firms over and above what is explained

by firm fixed effects, bidder characteristics, target characteristics, and deal characteristics. We will

comment on the other results in Table 8 further below.

CEOs are not randomly assigned to firms, so these tests do not establish causality. The results

are nevertheless supporting the CEO-gambling hypotheses, because they show the identity of the

bidding-firm CEO matters for explaining target riskiness in the data. The results also raise the bar

for alternative explanations. A valid alternative story would need to explain why target riskiness

is associated with lower ACARs, lower synergies, higher takeover likelihood, and why CEO fixed

effects help explain the level of target risk.

4.4 Evidence on the relevance of gambling attitudes

In this section we show that our effects are stronger when managerial gambling propensity is likely

to be high, which is a direct implication of Proposition 1. Ideally, one would like to elicit gambling

preferences from CEOs through surveys or experiments and then to cross-check those measures

with actual acquisition behavior. Unfortunately, personality tests for a large sample of CEOs over

our sample period from 1987 to 2008 are not available.9

In the absence of direct data from CEO personality tests, we propose to make progress in two

ways. First, we examine if the target risk effect is related to two indirect variables that are plausibly

correlated with a CEO’s propensity to gamble. Second, we use a more direct hand-collected proxy

for gambling propensity for a subset of CEOs.

9Graham, Harvey, and Puri (2010) make progress in that direction by surveying about 1,000 individuals who were
CEOs as of 2006. They show that CEOs with a higher gambling propensity make more acquisitions in 2004 and
2005. While those findings are informative, and consistent with a gambling motivation for takeovers, it is an open
question whether the same mechanism applies also to other CEOs and other years. Our findings, that are based on
more indirect tests, but a much larger sample, and their findings, based on direct survey data for a smaller subset of
the data, complement each other.
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4.4.1 Evidence from local gambling norms and CEO age

We start by looking at two variables, local gambling attitudes and CEO age, that are both plausibly

correlated with the gambling propensity of bidding firm CEOs.

Our first proxy builds on work by Kumar, Page, and Spalt (2011) who develop a geographical

identification strategy to measure gambling propensity on the county level by exploiting varia-

tion in local gambling norms. They identify gambling propensity by the proportion of the local

Catholic population relative to the local Protestant population, a variable they call CPRATIO.

This is motivated by a body of evidence showing that, on average, Catholics gamble significantly

more than Protestants, a fact that appears to be linked to differences in how strictly the religious

teachings oppose to gambling.10 Kumar, Page, and Spalt (2011) provide evidence suggesting that

CPRATIO captures gambling propensity of corporations headquartered in the county. Providing

direct evidence on the validity of the measure, Benjamin, Choi, and Fisher (2013) find that varying

the salience of Catholic beliefs affects gambling propensity in an experimental setting. A specific

advantage of this variable in our context is that it is computed on the county level and therefore

available for essentially all observations in our data set.

In our first test, we compute CPRATIO annually for all US counties and assign firms to the

high category if CPRATIO in the county of the company headquarter is in the top tercile across

counties in that year, and to the low category otherwise. If our effects are reflecting gambling

attitudes, then we should see stronger effects in the high CPRATIO subsample, which is where

local gambling propensity is strongest. Because CPRATIO is related to regional factors that could

themselves be influencing our results, we follow Kumar, Page, and Spalt (2011) and include in these

regressions total county population, average educational attainment in the county, percentage of

minority households, the male-female-ratio, age, the fraction of inhabitants in urban areas obtained

10The gambling views typical of many Protestant churches are expressed in the United Methodist Church’s 2004
Book of Resolutions: “Gambling is a menace to society, deadly to the best interests of moral, social, economic, and
spiritual life, and destructive of good government. As an act of faith and concern, Christians should abstain from
gambling [...].” The position of the Catholic Church on gambling is summarized in The Catechism of the Catholic
Church (2413): “Games of chance (card games, etc.) or wagers are not in themselves contrary to justice. They
become morally unacceptable when they deprive someone of what is necessary to provide for his needs and those of
others. [...] Unfair wagers and cheating at games constitute grave matter, unless the damage inflicted is so slight
that the one who suffers it cannot reasonably consider it significant.” Overall, Catholics are more tolerant towards
gambling, and a sizeable literature provides consistent empirical evidence (e.g., Brenner and Brenner (1990), Mikesell
(1994) and Kumar (2009)). See, for example, Thompson ((2001), Pages 317-324) for a summary of the gambling
views of major religious denominations in the US. Barberis (2013) discusses how CPRATIO can help understand
preferences for tail risks in finance and economics.

18



from the US Census. To control for regional industry clusters, we control for the fraction of firms in

the acquirer’s FF48-industry located in the same MSA as the acquirer, and to control for industry-

specific research intensity, we include the average R&D spending in the acquirer’s FF48-industry

(scaled by total assets). We also include all control variables we used in our baseline regression

specification (2) in Table 3. Finally, CPRATIO tends to be higher in some regions in the US, such

as California and the North East. To make sure we are not picking up effects specific to certain

states or regions, we include MSA (Metropolitan Statistical Area) fixed effects in our regressions.

We then estimate the following model:

yt = ω (β1ivt−1 + λ1Γt−1) + (1− ω) (β2ivt−1 + λ2Γt−1) + εt. (4)

where y is either announcement returns or synergies, iv is target risk, and ω is an indicator function

which is one if the observation belongs to the high CPRATIO subsample and zero otherwise. Γ are

controls. For conciseness, we show only the coefficient on target risk and suppress the coefficients

of the control variables. We also report the difference between β1 and β2 and the t-statistic for

rejecting the null of β1 = β2.

Table 9 presents results. Consistent with our gambling hypothesis, target risk influences acquirer

announcement returns and synergies significantly more if CPRATIO is high. If local gambling

norms are such that CEOs in those regions are likely to find gambling more attractive, a one

standard deviation increase in target risk is associated with a 1.0 (= 1.81×−0.558) percentage point

decrease in bidder announcement returns (t = −4.55). For the low gambling propensity subsample,

a one standard deviation increase in target risk reduces ACARs by a statistically insignificant

30 (= 1.81 × −0.166) basis points. Hence, the target risk effect for the high gambling propensity

subsample is greater by a factor of 3. Table 9 also shows that the difference between the coefficients

across the subsamples is highly significant (t = −2.23). Finally, the table shows a very similar

pattern for synergies: risky deals generate less value especially when the bidding-firm CEO is likely

to find gambling attractive according to the CPRATIO measure.

An advantage of the CPRATIO measure is that prior work has established its link to gambling

propensity. At the same time, we are not aware of a strong correlation between CPRATIO and

any other variable that may induce our results. Hence, the above findings are informative for

19



distinguishing gambling from other explanations, as we will discuss in greater detail in Section 5.

A second proxy for CEO gambling propensity we use is CEO age. We conjecture that younger

CEOs are more prone to gambling. This conjecture is based on prior literature which shows that

preference for lottery tickets and skewness in investment returns tends to be negatively correlated

with age (e.g., Goetzmann and Kumar (2008), Kumar (2009)).

The bottom part of Table 9 presents results when we split our sample by age of the bidding firm’s

CEO. In order to distinguish a possible entrenchment effect from the age effect we are interested

in, we include CEO tenure as an additional control variable in these regressions. We obtain data

on bidding-firm CEO age and tenure from ExecuComp, which implies that our sample comprises

larger, economically more important, acquirers. We lose about three quarters of our observations

in this test because of missing data.

Results are nevertheless strong: younger CEOs are associated with a significantly more pro-

nounced target risk effect. This is consistent with the conjecture that young CEOs are more likely

to focus excessively on upside potential. The risky deals they engage in are bad for shareholder

wealth. For example, for the average acquirer in our sample with a market capitalization of $5.57

billion, a one standard deviation change in target volatility leads to a reduction in shareholder

wealth by $99 million (= 1.81 × −0.982 × 0.056) if the deal is done by a young CEO (49.9 years

of age on average). Higher target risk is also associated with lower announcement returns for older

CEOs (60.8 years on average), but there is an economically large and statistically significant dif-

ference between the effect for young and old CEOs. The results in Table 9 also show that younger

CEOs are associated with a much stronger target risk effect for synergies.

In sum, both tests in this section are consistent with the conjecture that CEO gambling attitudes

are a main driver behind the target risk effect on merger outcomes. When CEOs are likely to find

gambling attractive, and therefore are more likely to focus on upside potential, riskier targets

are worse for shareholders. A caveat with the age test is that age could proxy for a number of

other things in addition to gambling propensity, so on its own it may not be particularly powerful.

However, we believe the CEO age test, in combination with the CPRATIO test and the CEO fixed

effects test, is informative. All three support an explanation based on gambling attitudes. Finding

an equally parsimonious alternative explanation for this set of results is not trivial.
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4.4.2 Evidence from individual CEO religious beliefs

A potential concern with the CPRATIO test above may be that CPRATIO is a regional variable and

that the CEO may have a different religion than reflected in CPRATIO. In this section we present

evidence from a small hand-collected sample of individual CEO religious beliefs that supports our

large-scale evidence using CPRATIO.

Before we present results, note that the CPRATIO variable is not actually designed to capture

individual CEO beliefs. While a high CPRATIO increases the probability of a CEO being Catholic,

the proposed mechanism underlying CPRATIO does not hinge on that. Rather, Kumar, Page, and

Spalt (2011) propose that CPRATIO captures local gambling norms that are, in turn, shaped

by local religious beliefs. Intuitively, a person living in Salt Lake City may be impacted by the

local Mormon culture, even if that person is not a Mormon. Because regional religious beliefs are

rather stable constructs, and because the regional gambling norms are plausibly exogenous for a

given firm, this geographical identification strategy has some distinct advantages. The following

tests based on individual CEO religiosity are therefore best interpreted as a complement to the

CPRATIO evidence, and not as a “better” test on a smaller part of the data.

The data on individual CEO religious beliefs we use comes from manually matching CEOs in

our sample to the Marquis Who’s Who online database. Because most CEOs do not communicate

their personal religious beliefs, we end up with a small sample of 112 CEOs. Those CEOs make 242

acquisitions over the years 1993 to 2008. Average deal size is $2.1 billion and average bidder size

is $10.5 billion, so while the sample is very small, it nevertheless focuses on large and economically

important firms.

The small size of the sample does not allow us to run elaborate regressions. But we can never-

theless obtain interesting results by sorting announcement returns and synergies (independently)

by target riskiness and CEO religiosity. Table 10 presents results. Panel A shows that bidder

announcement returns are highest for safe deals done by non-Catholic CEOs. By contrast, by far

the largest loss in value around the announcement is associated with risky deals done by Catholic

bidding firm CEOs. ACARs for the risky target/Catholic CEO group are –2.9%, and therefore

almost three times as large in absolute terms than ACARs for the safe target/non-Catholic CEO

group.

The evidence for synergies, shown in Panel B, is even more striking. Synergies are highest,
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1.6%, when non-Catholic CEOs make safe deals. By contrast, the average deal within the group of

Catholic bidder CEOs in risky transactions actually destroys value. The point estimate of -1.2%

suggests such value destruction in combined bidder and target value is economically large.

Even tough those results are derived for a very small sample of CEOs, and only on the basis of a

simple sort, we nevertheless view them as supportive of the CEO gambling hypothesis. Across both

bidder announcement returns and combined bidder and target announcement returns (synergies)

value created is highest for deals where gambling is unlikely to play a large role (CEOs with lower

gambling propensity and targets that look relatively less attractive as a gamble). Deals where

the target looks attractive as a bet and where the CEO is likely to find gambling more attractive

are the worst for bidding firm shareholders and they overall destroy value. Finding on average

negative synergies for the risky target-high CEO gambling propensity group is consistent with a

key mechanism in the theoretical model above: some takeovers of risky targets are initiated even

though they are negative NPV projects.

4.5 Alternative proxies for gambling attractiveness

High volatility is a characteristic of attractive bets. But it is not the only one. Among alternative

proxies for gambling attractiveness, skewness is a natural choice, and gambles usually become more

attractive, all else equal, if skewness is higher. In this section we discuss the relation between

volatility and skewness for measuring gambling attractiveness and we show that our main results

for volatility also obtain for skewness.

Casual observation suggests that both skewness and volatility can be independent characteristics

of attractive bets. For example, red-or-black, one of the most popular bets in roulette, has high

volatility, but low skewness. By contrast, betting on a single number has lower volatility than the

red-or-black bet, but higher skewness. However, while volatility and skewness are logically distinct,

they are often closely related. The most relevant example for our study comes from stock market

investments. As an empirical fact, stocks with high return skewness tend to also be stocks with high

return volatility. Theoretically, with the standard assumption that stock prices follow a geometric

Brownian motion, end-of-period wealth from investing in a stock is log-normally distributed. With

the log-normal distribution volatility and skewness are positively correlated.

There is also a more subtle link between volatility and skewness if we take into account that
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an investor makes decisions based on expected, and not realized, volatility and skewness. As Boyer,

Mitton, and Vorkink (2010) show, idiosyncratic volatility is actually a better predictor for idiosyn-

cratic skewness than past values of idiosyncratic skewness themselves. Hence, even if one makes

the extreme assumption that investors care only about skewness, but not about volatility, target

volatility would still be a useful variable for an investor who wants to detect attractive bets with

high expected skewness.

The upshot of this discussion for our setting is that we expect to see similar results for skewness

of target returns as we do for target volatility, since both plausibly capture gambling attractiveness.

Tables 2 and 11 show that this is consistent with the data. We start by revisiting our earlier sorting

results. In Panel B of Table 2, the data set is first sorted in terciles of target risk and then each

tercile is split at the median in high and low idiosyncratic skewness groups. The set of low risk

firms that also have low skewness is the least attractive for gambling, whereas the high skewness

portion of the risky targets is most attractive.

We find that our previous results get stronger once we take skewness into account. Risky/High

Skewness firms are 2.1 percentage points more likely to be taken over than Safe/Low Skewness firms,

so the skewness characteristic widens the previously documented spread of 1.7 percentage points

found by comparing on target risk alone. Spreads widen as well for bidder returns and synergies.

After adjusting for target-size, we find that deals in the Safe/Low Skewness group are almost value-

neutral for the bidder (–0.1% bidder announcement returns), and overall value creating (2.7% of

the combined bidder and target value). By contrast, Risky/High Skewness deals are not creating

overall value (average synergies are –0.1%), and are strongly value-reducing for bidders (–3.3%).

Panels A and B in Table 11 repeat our results for announcement returns, synergies, and takeover

probabilities in Tables 3, 5, and 6, when we replace target risk by skewness. Specifically, we follow

the method of Boyer, Mitton, and Vorkink (2010) and construct a measure of expected idiosyncratic

skewness, EISKEW, by first estimating a model to predict next period skewness from currently

observable variables, and by then using predicted values from that model as an estimate of next

period skewness. In addition, we present results also for a variable that combines target risk and

EISKEW in one “lottery” index, LIDX. LIDX is high when both EISKEW and target risk are

high and it is motivated by a similar approach in Kumar (2009). We explain the construction of

EISKEW and LIDX in greater detail in Appendix C.
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The results across all panels indicate that we obtain very similar effects for skewness and the

lottery index as we do for target risk. Since all those variables are plausibly related to gambling

attractiveness those findings support the view that CEO gambling preferences influence takeover

decisions. In particular, we have argued based on the properties of actual gambles and on its use in

the existing literature, that target volatility is a plausible proxy for attractive bets. The fact that

we obtain similar patterns for skewness, a plausible alternative proxy for gambling attractiveness,

further strengthens this interpretation.

5. Extensions and Alternative Explanations

We consider alternative explanations in this section. We start by looking at two prominent al-

ternative CEO-based mechanisms: overconfidence and agency problems. We then discuss several

non-CEO based mechanisms that may contribute to explaining some of our findings.

5.1 Alternative CEO-based explanation: overconfidence

The first alternative CEO-based explanation we consider is overconfidence. Prior work by Mal-

mendier and Tate (2008) suggests that overconfident CEOs make more acquisitions and that an-

nouncement returns in those deals are lower. The target risk effect could therefore be due to

overconfidence if CEOs were systematically more overconfident for risky targets.

To be sure, the overconfidence and the gambling mechanisms have a similar flavor. For example,

under the overconfidence story, a CEO would place too high a probability on the best-case scenario

in a DCF spreadsheet because she believes she has special skill in making the firm reach that state.

Under the gambling story, a CEO would place too high a probability on that scenario because

the payoff associated with the best-case is a particularly attractive prize to win. Because of those

similarities, it is possible that overconfidence explains takeovers of risky targets in some firms.

However, as we now show, the largest part of the target risk effect in the data does not seem to be

captured by overconfidence.

We make this argument in three steps. First, we revisit results from previous sections and

show they are not predicted by overconfidence. Second, we show that the target risk effect is not

captured by standard option-based proxies for overconfidence. Third, we derive testably differ-
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ent predictions between overconfidence and gambling models and show that the data favors the

gambling hypothesis.

One set of previous results that allow us to separate gambling from overconfidence are the

religion-based proxies for gambling propensity. As we showed in Section 4.4, a link between religious

beliefs and gambling norms is suggested by a related literature on gambling in lottery tickets,

casinos, and financial markets. We are not aware of any evidence that links overconfidence to being

Catholic versus Protestant. Hence, finding that target risk matters more in regions where CEOs are

more likely to gamble, and for Catholic CEOs who are more likely to find gambling acceptable, is

consistent with the gambling model and makes the overconfidence model less likely as a mechanism.

We next exploit the fact that the prior literature on overconfidence has made progress in de-

riving CEO-level proxies for overconfidence based on exercise behavior of stock option packages.

The original study of Malmendier and Tate (2008) uses proprietary data from 1984 to 1994. We

therefore follow the approach in Campbell, Gallmeyer, Johnson, Rutherford, and Stanley (2011)

and Hirshleifer, Low, and Teoh (2012) in constructing a similar stock option-based overconfidence

measure from ExecuComp data for our sample period. We define a CEO as overconfident if she

postpones the exercise of vested options that are at least 67% in the money in the fiscal year before

the acquisition announcement.11 We then use the resulting variable as a control in our baseline

regressions.

Table 12 Panel A, shows that the overconfidence proxy does not subsume the target risk effect.

In fact, the negative impact of target riskiness on ACARs is actually stronger when we control for

overconfidence. Some of this increase in the strength of the results may be due to the fact that

we now use ExecuComp and that the target risk effect is more relevant for the set of large and

economically important acquirers in that data set. In any case, there is no evidence to suggest

controlling for the standard stock-option based measure of overconfidence would alter our previous

conclusions.

Panel A also repeats the exercise for synergies as a dependent variable. We obtain qualitatively

identical results. The target risk effect, if anything, gets stronger when we control for overconfidence.

11Moneyness of an option is estimated, for each CEO-year by the following steps: (1) the average realizable value
per option as total realizable value of the options divided by the number of options held by the CEO; (2) the strike
price is calculated as the fiscal year end stock price minus the average realizable value; (3) the average moneyness
of the options is then calculated as the stock price divided by the estimated strike price minus 1. Only the vested
options held by the CEO are considered.

25



To the extent that the measure of Campbell, Gallmeyer, Johnson, Rutherford, and Stanley (2011)

and Hirshleifer, Low, and Teoh (2012) is a good proxy for overconfidence, this evidence makes it

unlikely that overconfidence is playing a role for explaining the target risk effect.

Perhaps there are dimensions of overconfidence that are not captured by the overconfidence

proxy we used above, or perhaps our control for overconfidence above is not very powerful. To

minimize remaining concerns, we use sample splits (as in equation (4)) to see if overconfidence

or gambling is more consistent with the data. We start by the straight-forward prediction that

the target risk effect should be stronger in the subsample of firms with overconfident CEOs if the

relation is indeed due to CEO overconfidence. The first test in Panel B in Table 12 shows that

results are, if anything, stronger when CEOs are less overconfident. Even if the overconfidence

measure would measure overconfidence with noise, the conflicting sign argues against the view that

overconfidence is related to the target risk effect.

The next test relates gambling and overconfidence to prior success. A common assumption in

the overconfidence literature is that prior successes increase overconfidence. For example, Gervais

and Odean (2001) show how individuals can learn to be overconfident after seeing prior successes

in a self-serving attribution bias framework. By contrast, one of the most well-documented facts

about gambling is that gambling propensity increases after prior losses, especially if there is a

chance to break even (e.g., Kahneman and Tversky (1979), Thaler and Johnson (1990)).12 We

therefore test if the target risk effect is stronger in firms that have recently underperformed, which

would favor the gambling hypothesis, or in firms that have recently outperformed, which would

favor overconfidence.13

We operationalize this idea by suggesting two specific situations that define prior successes.

First, we conjecture that a manager will feel like an underperformer if the firm has reported negative

12Thaler and Johnson (1990) show that there exist situations where prior losses exacerbate risk aversion, and
where prior gains lead to increased risk seeking (the “house money effect”). However, this behavior is unlikely to be
observed in our specific context. First, unlike in the case of a casino gambler who might gamble more fiercely after
a surprise win of $1,000 in the first minutes of gambling, it seems hard to think of a CEO as building up winnings
(the “house money”) that they would then be able to gamble away. Second, as stressed by Thaler and Johnson
(1990): “If prior losses were facilely integrated with subsequent outcomes, we would expect decision makers to be
risk seeking for complex losses, just as they are for simple prospects involving losses.” In our setting, prior losses and
the acquisition-gamble will be integrated mechanically via the stock price of the firm. Hence, the prediction will be
increased risk-seeking in the loss space.

13Gambling for resurrection could be rational for a CEO as in Jensen and Meckling (1976). The central point of this
section, showing that overconfidence is unlikely to drive the target risk effect, is unrelated to why CEOs would like
to gamble for resurrection. Hence, while documenting a stronger target risk effect for prior losses favors a gambling
story, it does not help us distinguish “rational” gambling from gambling due to a behavioral bias. We thank an
anonymous referee for pointing this out.
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net income in the previous fiscal year. Second, the more the stock price of the acquirer is below its

52-week high, that is, the more substantial recent declines in stock price are relative to a salient

peak, the more likely it is that the manager feels to be in the loss space. Conversely, there is little

reason to assume CEOs would be particularly overconfident in those underperforming firms.

Table 12, Panel B, presents results. For both ACARs and synergies, and for both proxies for

underperformance, we find evidence consistent with our gambling hypothesis. The impact of target

risk on synergies and announcement returns is stronger if the manager is more likely to feel being

in the loss space, which would increase her propensity to gamble. Since it seems counter-intuitive

that managers in firms that have recently performed badly would be more optimistic and confident

in their own abilities than managers who have done well, these results are not in line with an

overconfidence channel.

In sum, the effect of target risk on merger outcomes is unlikely driven by overconfidence. Sample

splits that exploit different predictions between gambling and overconfidence suggest that the data

is more consistent with gambling.

5.2 Alternative CEO-based explanation: agency problems

A second CEO-based explanation for our results could be agency problems. Agency would explain

the effect of target risk on merger outcomes if private benefits were systematically higher for riskier

targets. There are two relevant cases of private benefits we need to consider. One is the case

of private gambling benefits, i.e. the pleasure associated with buying a risky target for gambling

reasons, which is consistent with our theoretical framework. We discuss it further below.

The second case is all other, more standard, types of private benefits. We first note that it

is not immediately obvious why private benefits, other than private gambling benefits, would be

higher in risky deals. For example, a widely-discussed agency-related reason for CEOs to make

acquisitions is to increase job security (e.g., Amihud and Lev (1981)). However, if the objective is

to increase job security, it is not clear why one would like to acquire a risky target, rather than a

safe target. Similarly, it is not clear why a CEO who wants a big empire should want a big risky

empire.

In addition, our previous findings using the religion-based measures of gambling propensity

argue against this type of agency-based explanation. Specifically, we have shown in Table 9 that
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the target risk effect is stronger in high CPRATIO regions. Because it seems unlikely that private

benefits (other than private gambling benefits) for CEOs in Catholic regions would be systematically

higher when they acquire a risky target, than private benefits for CEOs in Protestant regions, those

test show, at a minimum, that a large part of the target risk effect cannot be explained by standard

agency problems. Table 10 shows that Catholic CEOs make worse deals. Again, there seems to

be no obvious reason to think that Catholic CEOs get more private benefits from buying a risky

target.

By contrast, private benefits associated with consciously gambling with shareholder money are

consistent with our gambling story and the religion-based evidence. Using the notation of our

model above, under the agency view, CEOs can separate v̂i and α and rationally trade-off lower

shareholder returns against private benefits, whereas under the bias view CEOs can only make a

subjective estimate of the sum: v̂i + α. We can devise a discriminating test by noting that equity-

based pay should be much more effective in the agency case. To see the intuition, suppose pay

is such that a CEO’s wealth is proportional to shareholder value with a slope coefficient of ψ. In

the agency case, the CEO would then make a decision based on U = ψ
(
v̂i − c− P

)
+ α, which

would lead to an unbiased decision in the limit as ψ gets very large. By contrast, tying pay to

shareholder value is ineffective in the bias case as maximizing U = ψ
(
v̂i − c− P + α

)
leads to the

same takeover decision irrespective of ψ. In other words, since CEOs are already assuming they

maximize shareholder value, their decision would not change when their wealth is tied to the wealth

of shareholders.

Ozbas and Scharfstein (2010) use the same logic to test the agency model in the context of

internal capital markets. Following their approach, Table 13 presents results when we split the

sample, at the median, by CEO equity ownership. The results show that the target risk effect

is stronger, both economically and statistically, for CEOs with high ownership stakes. The point

estimate for the high ownership subsample is more than twice as large as the point estimate for

the low ownership sample if we look at bidder announcement returns. For synergies it is more than

three times as large. The difference between the two subsamples is statistically significant for both

ACARs and synergies.

These results show that the target risk effect is not simply another version of the well known

agency problem (albeit an economically very important one; and a novel one because it relies on
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private gambling benefits). Because higher ownership should make CEOs focus relatively more

on shareholder value, and less on private benefits, finding a stronger target risk effect for the

high ownership sample is not consistent with a model in which CEOs consciously realize they are

making a bad decision for shareholders. The results are consistent with the version of the gambling

hypothesis in which some CEOs go with their guts and get it systematically wrong.

5.3 Risky deals as a signal of failed internal investment

One alternative explanation for our results could be that risky deals transmit negative information

about the bidding firm to the market. Specifically, it could be the case that firms acquire risky firms

because they are running out of internal growth opportunities and because internal investments

failed. To be sure, risky targets are bought for a variety of reasons and failed internal investments

may be one of them. Several pieces of evidence suggest, however, that signalling and failed internal

investments explain at best a part of the target risk effect.

First, we take a closer look at pharmaceutical firms and R&D intensive industries, since risky

targets may be more likely to substitute for failed internal investment in those industries. In

unreported results we find that our main results on ACARs and synergies are robust to (1) excluding

pharmaceutical firms, (2) excluding the most R&D intensive targets (top decile or quintile), and

to (3) including R&D over assets for both bidder and target as additional controls. Our results are

similarly unaffected when we (4) control for target and bidder age, or when we (5) exclude young

targets, which may be more likely to develop new technologies.

Second, we include both bidder and target industry fixed effects in our main regressions in Tables

4 and 6. We also include industry-times-date fixed effects in our takeover probability regressions

in Table 3. Our results are not materially affected when we include those industry controls. This

evidence suggests that the target risk effect is not simply reflecting properties of specific industries

more likely to substitute for failed internal investment by buying risky targets.

Third, the failed internal investments hypothesis is not a CEO-based explanation. Hence it

cannot explain the evidence on CEO fixed effects we provide in Section 4.3.

Fourth, we show in Table 10 that the average bidder returns and synergies vary with CEO

religious beliefs in a manner consistent with the gambling hypothesis. In Table 9, we show that

we obtain the same results using the geographic proxy for gambling propensity, CPRATIO. Those
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results are not predicted by the failed internal investments hypothesis, unless one thinks firms with

Catholic CEOs, or firms located in regions with more Catholics, are more likely to make a risky

acquisition after failed internal investments for reasons unrelated to gambling.

Finally, we test if our results are mainly due to failed internal investments by looking at insider

trading and analyst forecast revisions before the announcement. The key idea is that firms in which

insiders are net buyers of company stock, and firms in which analysts have recently increased their

earnings per share forecasts for the next fiscal year, are more likely to be firms with genuinely good

prospects, and less likely firms with failed internal investments. Insiders and analysts plausibly

have additional information on the firm that is unobservable to the researcher, so looking at their

actions – trading and revising forecasts – may shed some light on how likely it is that the firm

makes an acquisition to compensate for internal problems.

Table 14 presents results. We find that the target risk effect obtains also in the subsample

where bidding-firm insiders are net buyers of company stock, and we find that the impact of

target risk is actually stronger in the subsample where analysts have recently upgraded their EPS

forecasts. Statistically, we cannot reject that the coefficient on target risk is the same across the

two subsamples. Those tests show that the target risk effect also obtains in firms where insiders

and analysts have a positive outlook on the firm, as revealed by their actions. This evidence argues

against failed internal investments being a main driver of the target risk effect.

In sum, results are not driven by R&D intensive targets, R&D intensive bidders, R&D intensive

industries, or young targets, and the target risk effect is strong also when insider trades or analyst

forecast revisions suggest failed internal investments are unlikely. The hypothesis that risky deals

signal bad news to the market is also inconsistent with the CEO fixed effects and the religion-based

tests of earlier sections. We conclude that, while the failed investment hypothesis may explain some

of the deals in our sample, it is not the main driver of the target risk effect.

5.4 Other potential explanations

Despite the results presented above – which in our view suggest an important role for CEO gambling

preferences – it is reasonable to assume that other, non CEO-based, explanations may potentially

contribute to explaining part of the impact of target risk on merger outcomes. We discuss several

potential mechanisms, and how they relate to our evidence, below.
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Risk and real options. Risky targets may rationally be valued higher in a real options frame-

work because they have a higher implied option value. It may therefore be rational to pay more

for riskier targets. However, even then, if bidders paid the fair price for a real option, there would

be no reason for the acquirer return to be lower. Our findings are therefore not simply a result of

the potential real option nature of risky targets.

Managerial pay. Some risky deals may be motivated by the structure of CEO pay contracts.

To show empirically that the structure of executive pay in bidding firms is not driving our results

we use two control variables. First, we follow Chava and Purnanandam (2010) and calculate CEO

option vega, the change in the value of the option holdings of the bidding firm’s CEO for a change in

firm volatility. (We refer the reader to their paper for details on the construction of the variable.)

Second, we use ExecuComp to compute the three year average of option compensation to total

compensation for the bidder CEO as a simple measure of contract convexity. We find in unreported

results that controlling for those variables in our regressions leaves our findings unchanged.

Information asymmetries. Idiosyncratic volatility has been used by previous papers as a mea-

sure for information asymmetry about the value of bidders and targets (e.g., Moeller, Schlingemann,

and Stulz (2007), Officer, Poulsen, and Stegemoller (2009). Our evidence in Section 4 suggests, at a

minimum, that target risk is capturing more than information asymmetry, because neither the fixed

effects, nor the religion-based evidence is related in any obvious way to information asymmetries.

To further minimize concerns that information asymmetry about bidder value induces our

results, we control for the method of payment, which may be affected by bidder valuation, as

well as acquirer return volatility, as proxy for information asymmetry about the acquirer value, in

our regressions. Specifications (2) and (3) in Tables 4 and 6 show our results are not materially

affected.

There are several patterns in the data suggesting our results are not reflecting information

asymmetry about the target. First, information asymmetries are presumably more severe for

smaller targets. However, we show in Appendix D that we get stronger results for larger deals.

Second, if target riskiness would measure information asymmetry about target value, and if bidders

were concerned about the risk of ending up with overvalued target equity, then we should see the

chance of being taken over decrease in target risk. However, we document the opposite in our data
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in Table 3 and Figure 1.

Divergence of opinion. Divergence of opinion among investors about the value for the target

firm may be higher for risky targets, which can make it more expensive for bidders to acquire target

shares. The main prediction of a divergence of opinion model is that the offer price premium is

higher (e.g., Chatterjee, John, and Yan (2012)), which is also consistent with the gambling model

presented in Section 4.2, if the gambling preference is strong enough. However, divergence of opinion

models also predict higher synergies and lower takeover probabilities, which is not supported by our

results in Section 3. Moreover, our results from Section 4 on CEO fixed effects and the impact on

local and individual CEO religiosity cannot be explained by the divergence of opinion hypothesis.

To further minimize concerns that our results are due to divergence of opinion on the target value,

we rerun our benchmark regressions with both analyst forecast dispersion and change in the breadth

of mutual fund ownership as additional control variables to proxy for divergence of opinion (results

unreported). We find unchanged results for target risk.

6. Contribution to the Literature

Our paper contributes to three broad literatures. First, our study contributes to the literature on

mergers and acquisitions (see e.g., Andrade, Mitchell, and Stafford (2001) and Betton, Eckbo, and

Thorburn (2008) for surveys of this large literature). We identify a new, economically important,

determinant of bidder announcement returns, synergies, and takeover probabilities. Target riskiness

matches, if not surpasses, prominent drivers of bidder returns in terms of economic significance,

including bidder size and all-stock payment. Our additional tests suggest that managerial gam-

bling attitudes are a significant, previously overlooked, driver of wealth destruction in corporate

takeovers.

The second literature we contribute to is a body of work that analyzes the implications of gam-

bling attitudes on investments. Gambling is pervasive in society and a preference for positively

skewed lotteries that offer a large payoff with small probability is one of the most well-documented

findings about individual decision making (e.g., Friedman and Savage (1948), Kahneman and Tver-

sky (1979)). Gambling is consistent with several established theories including a preference for

skewness (e.g., Mitton and Vorkink (2007)), overweighting of small probabilities of large gains as
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in cumulative prospect theory (Tversky and Kahneman (1992), Barberis and Huang (2008)), ra-

tional probability distortion to account for anticipation utility (Brunnermeier, Gollier, and Parker

(2007)), or sensation-seeking (e.g., Zuckerman (1994)). While the impact of gambling attitudes on

financial decision making has attracted considerable interest in the recent asset pricing literature,

little research exists on the impact of gambling attitudes on corporate decision making (see, e.g.,

Baker and Wurgler (2011)). Our paper fills this gap by examining gambling attitudes in the context

of corporate takeovers.

The third literature we contribute to is the growing field of behavioral corporate finance. Within

the classification of Baker and Wurgler (2011), our paper focuses on biased managers (although

our theoretical model shows that we can additionally allow for shareholder biases without altering

the main results). With the exception of the survey-based paper by Graham, Harvey, and Puri

(2010), no paper has so far linked merger decisions to managerial gambling attitudes. In terms of

methodology, our approach of using target characteristics to identify situations where biases are

likely to play a role is, to our knowledge, new to the behavioral M&A literature. In a related paper,

Schneider and Spalt (2014) show that a preference for long shots has predictions for internal capital

markets. More broadly, our paper adds a new dimension to the body of work that analyzes CEO

characteristics and their impact on firm policies (e.g., Bertrand and Schoar (2003), Malmendier

and Tate (2005), Ben-David, Graham, and Harvey (2010)).

7. Conclusion

In this paper we provide new answers to two central questions on takeovers: who gets taken over?

And: which takeovers are generating value? We find that target risk – which we measure by the

idiosyncratic volatility of the target firm’s stock returns – is a powerful predictor of merger outcomes.

Deals in which the target is risky are associated with lower bidder returns, lower synergies, and

lower post-deal accounting performance. Still, in the average year, the probability of becoming a

target is almost twice as high for risky firms (top tercile in a year).

The impact of target risk on bidder returns is economically first-order, and larger than several

prominent drivers of bidder returns proposed in the prior literature. A one standard deviation

change in target risk leads to three-day announcement returns that are 82 basis points lower, which
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is economically substantial relative to an average bidder announcement return of –1.7%. For the

average acquirer in our sample, this translates into a value reduction of $46 million. Across all

3,130 deals in our sample, this implies a value loss of about $144 billion.

After establishing those effects in the data on public US firms from 1987 to 2008, we ask whether

there is an underlying mechanism that can help us to jointly understand those empirical facts. We

examine several alternatives, and conclude that the data is most consistent with the target risk

effect being driven by gambling attitudes among top managers of the bidding firm. High volatility

is a signature characteristic of attractive financial gambles, and CEOs motivated by gambling

preferences may, all else equal, pay too much for targets that look attractive as a bet. Supporting

this CEO-based hypothesis, we document a bidding firm CEO fixed effect in the data that explains

variation in target riskiness over and above other firm and deal characteristics. Supporting the

gambling channel, we find that the target risk effect is strongest when the CEO is likely to find

gambling attractive, using several proxies for gambling propensity suggested in the prior literature.

The effects we document are not driven by CEO overconfidence.

Our evidence favors a version of the gambling hypothesis that does not imply CEOs are inten-

tionally gambling with shareholder’s money. The effects are stronger when CEOs stand more to

lose from bad decisions via their compensation contracts, which suggests that CEOs think, wrongly,

they are actually making the best choice for shareholders. We conclude that intuitive reasoning ne-

cessitated by the substantial subjective component in company valuation models used to determine

target valuations leads well-meaning CEOs astray: they “go with their guts” which leads them to

focus too much on upside potential.

While we believe the weight of our evidence supports a gambling story, and while we believe our

gambling measures plausibly capture CEO gambling propensity, our gambling measures are indirect.

Providing additional evidence for the importance of CEO gambling attitudes on corporate actions

is a potentially promising avenue for future research.
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TABLE 1

Summary Statistics

This table displays descriptive statistics for the main variables used in our analysis. Target Risk is idiosyn-
cratic volatility, computed based on the residual from a Fama-French three factor model using daily returns
over a period of three years until the end of the second month prior to the month of the announcement.
EISKEW is expected idiosyncratic skewness, and LIDX is a lottery index, both are explained in detail in
Appendix C. ROA is the bidder (target) firm return on assets from the last fiscal year before the takeover
announcement. BM Ratio is the bidder (target) firm book to market ratio at the last fiscal year end before
the takeover announcement. MCAP is the bidder (target) firm market capitalization at the last fiscal year
end before the takeover announcement. Relative size is the transaction value over bidder’s market capital-
ization at the last fiscal year end before the takeover announcement. New Economy is a dummy variable
indicating that the target is a new economy firm (SIC codes 3570 to 3579, 3661, 3674, 5045, 5961, or 7370 to
7379). A(T)CAR[-1,+1] are bidder (target) announcement returns computed using the [-1,+1] event window
and a market model estimated over days [-280,-31]. Synergy[-1,+1] is defined as weighted sum (by market
capitalization) of the bidder and target cumulative abnormal announcement returns following Bradley, De-
sai, and Kim (1988). Cash (Stock) is a dummy variable indicating that a deal is financed with cash (stock)
only. Tender is a dummy variable indicating a tender offer. Hostile is a dummy variable indicating hostile
deals. Conglomerate is a dummy variable indicating that bidder and target are in a different 2-digit SIC
code industry. Competed is a dummy variable indicating deals with more than one bidder. log(Number of
Deals) is the natural log of the number of sample transactions in the target’s 2-digit SIC code industry in
the year of the takeover announcement. CPRATIO is the ratio of Catholic to Protestant population in the
county where the headquarter of the bidder is located. CEO age is the age of bidding firm’s CEO. CEO
ownership is the percentage equity ownership of the bidder firm’s CEO. DIFF52 is the ratio of the bidder’s
stock price at the end of month t− 2 and the 52-week high over months t− 13 to t− 2 minus one. Negative
Net Income is a dummy variable equal to one if net income of the bidder was negative at last fiscal year end.
Takeover Dummy is one for a firm if SDC reports its acquisition in that year or in the last year it appears in
the Compustat database if the reason for deletion from the file is given by Compustat to be “Acquisition or
Merger” (DLRSN = 1). Return on Equity is the three year average of net income over shareholder’s equity.
Growth-Resource Dummy is one if the firm is either low Sales Growth/high Liquid Assets/low Leverage, or
high Sales Growth/low Liquid Assets/high Leverage, where high and low categories are assigned according
to the sample median. Sales Growth is the three year average of the year-to-year change in sales. Liquid
Assets is the three year average of cash and equivalents plus receivables over total assets. Leverage is defined
as three year average of total long-term debt over the book value of equity. Market-to-book is the market
value of equity to the book value of equity. PE Ratio is the ratio of the share price at fiscal year end divided
by earnings per share. Size is measured by total assets and Tangible Assets are defined as the book value
of property plant and equipment over book assets. Industry Takeover Activity is a dummy equal to one if
there was at least one merger in the same four digit SIC code industry in the prior year.

Interpretation: This table shows summary statistics.
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TABLE 1 (Continued)

Summary Statistics

Variable Mean Median SD 25th

pctl.
75th

pctl.
N

Main variables

Target Risk (Annualized) 55.20 48.66 28.57 34.00 69.81 3,538

Target Risk (Daily) 3.49 3.08 1.81 2.15 4.42 3,538

Acquirer ROA 0.10 0.11 0.12 0.03 0.17 3,430

Acquirer BM Ratio 0.53 0.45 0.40 0.27 0.68 3,444

Acquirer MCAP ($bn) 5.57 1.33 9.36 0.33 5.38 3,501

Target ROA 0.07 0.08 0.16 0.02 0.15 3,300

Target BM Ratio 0.69 0.58 0.51 0.35 0.87 3,284

Target MCAP ($bn) 0.48 0.14 0.76 0.05 0.49 3,413

Relative Size 0.52 0.23 0.85 0.07 0.64 3,498

New Economy 0.17 0 0.38 0 0 3,536

ACAR [-1,+1] (%) -1.67 -1.19 6.93 -4.78 1.66 3,538

TCAR [-1,+1] (%) 20.78 17.05 21.71 6.22 30.68 3,534

Synergy [-1,+1] (%) 1.36 0.92 6.80 -1.99 4.50 3,367

Cash 0.25 0 0.43 0 0 3,538

Stock 0.44 0 0.50 0 1 3,538

Tender 0.15 0 0.36 0 0 3,538

Hostile 0.02 0 0.14 0 0 3,538

Conglomerate 0.34 0 0.47 0 1 3,538

Competed 0.08 0 0.27 0 0 3,538

log(Number of Deals) 3.05 3.09 1.25 2.20 4.14 3,538

Completed 0.83 1 0.37 1 1 3,538

Additional variables

EISKEW 0.64 0.59 0.51 0.31 0.94 3,363

LIDX 0.46 0.45 0.25 0.26 0.66 3,363

CPRATIO 2.19 1.75 1.86 0.63 3.34 3,500

Overconfidence 0.52 1.00 0.50 0.00 1.00 1,471

CEO Age 55.08 55 6.79 51 60 1,767

CEO Ownership 1.92 0.00 5.76 0.00 0.99 1,868

Diff52 0.41 0.17 0.73 0.05 0.49 3,487

Negative Net Income 0.13 0 0.34 0 0 3,486

Takeover Probability Sample

Target Risk (Daily) 3.37 3.02 1.72 2.04 4.33 73,911

Takeover Dummy 0.05 0.00 0.22 0.00 0.00 73,911

Return on Equity 0.00 0.03 0.15 -0.01 0.07 73,911

Growth-Resource Dummy 0.29 0.00 0.46 0.00 1.00 73,911

Sales Growth 0.14 0.10 0.23 0.02 0.21 73,911

Liquid Assets 0.35 0.31 0.21 0.18 0.48 73,911

Leverage 0.46 0.23 2.55 0.00 0.80 73,911

Market-to-book 2.69 1.84 3.43 1.15 3.15 73,911

PE Ratio 14.40 13.30 47.06 -1.40 21.95 73,911

Size 3.16 0.23 25.09 0.06 1.00 73,911

Tangible Assets 0.52 0.44 0.38 0.22 0.76 73,911

Industry Takeover Activity 0.41 0.00 0.49 0.00 1.00 73,911
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TABLE 2

Sorting Results

This table shows takeover probability, acquirer announcement returns (ACAR) and synergies sorted by
target risk. In Panel A the data set is sorted in terciles of target risk only. In Panel B the data set is first
sorted in terciles of target risk and then each tercile is split in high and low target idiosyncratic skewness.
Takeover probability is the percentage of firms from the Compustat data set taken over during a fiscal
year. ACAR (Synergy) are presented as raw and residual values. Raw values are the plain ACAR[-1,+1]
(Synergy[-1,+1]) as defined in Table 1. In Panel A residual ACAR (Synergy) is defined as the coefficient of
the respective tercile dummy from an OLS regression, where ACAR[-1,+1] (Synergy[-1,+1]) is regressed on
demeaned log target firm market capitalization at the last fiscal year end before the takeover announcement,
and dummy variables for each target idiosyncratic volatility tercile. In Panel B ACAR[-1,+1] (Synergy[-
1,+1]) is regressed on demeaned log target firm market capitalization and dummy variables for each target
idiosyncratic volatility semi-tercile (above and blow median target idiosyncratic skewness). The table also
reports the difference between the lowest and the highest idiosyncratic volatility (semi-)tercile, and the
associated t-statistic from the two-sample (equality of coefficients) t-test below the difference. In Column 1
of Panel A the average annualized target idiosyncratic volatility for each tercile is reported.

Interpretation: Simple sorts show that takeover probability is increasing, bidder announcement returns

and synergies are decreasing in target riskiness. The effect is particularly pronounced once we control for

target size.

Panel A: Sort by Target Risk

Tercile Target Takeover ACAR Synergy

Risk Probability Raw Residual Raw Residual

1 (Safe) 28.5 4.0 -1.5 -0.6 2.1 2.6

2 49.1 5.6 -1.6 -1.6 1.5 1.5

3 (Risky) 87.4 5.7 -2.0 -2.8 0.5 0.1

S - R -1.7 0.5 2.2 1.6 2.5

t-statistic -8.65 1.81 6.74 5.40 7.92

Panel B: Sort by Target Risk and Skewness

Group Takeover ACAR Synergy

Probability Raw Residual Raw Residual

Safe / Low Skew 3.7 -1.7 -0.1 1.8 2.7

Safe / High Skew 4.2 -1.3 -1.0 2.3 2.4

Risky / Low Skew 5.5 -2.0 -2.6 0.5 0.1

Risky / High Skew 5.9 -2.0 -3.3 0.6 -0.1

SL - RH -2.1 0.3 3.2 1.2 2.8

t-statistic -7.77 0.78 6.66 2.77 5.82

40



TABLE 3

Target Risk and Takeover Probability

This table presents results for acquisition likelihood regressions (linear probability model) on the takeover
probability sample. Industry dummies are based on 2-digit SIC codes (Column 3). Industry times fiscal
year fixed effects are based on 4-digit SIC codes (Columns 4 and 6). Models 5 and 6 only contain firm-year
observations with sales of more than $50 million. The table reports coefficient estimates (multiplied with
100) and the t-statistic in small font below the coefficient estimates. Standard errors are clustered at the
firm level.

Interpretation: This table shows that risky companies (high idiosyncratic volatility) are more likely to be

acquired.

Dep. var.: Indicator: Firm taken over in current year

Full Full Full Full Large Large

Sample Sample Sample Sample Firms Firms

(1) (2) (3) (4) (5) (6)

Target Risk 0.221 0.226 0.198 0.157 0.462 0.726

3.90 3.79 3.19 2.26 5.78 6.96

Return on Equity 0.238 0.409 0.457 0.865 -3.787 -2.248

0.39 0.67 0.74 1.23 -3.21 -1.66

Growth-Resource Dummy -0.004 -0.090 -0.049 -0.152 -0.079 -0.194

-0.02 -0.49 -0.27 -0.75 -0.37 -0.81

Sales Growth 1.033 0.425 -0.225 -0.840 1.105 -2.082

2.67 1.09 -0.57 -1.87 2.00 -3.08

Liquid Assets 1.235 1.490 0.858 0.721 1.422 0.990

2.47 2.96 1.54 1.13 2.30 1.16

Leverage 0.018 0.025 0.038 0.040 0.029 0.060

0.54 0.73 1.10 1.03 0.80 1.39

Market-to-book -0.106 -0.139 -0.147 -0.175 -0.074 -0.187

-4.36 -5.70 -5.93 -6.27 -2.23 -4.55

PE Ratio -0.001 -0.001 -0.001 -0.002 0.001 0.000

-0.61 -0.77 -0.79 -1.02 0.49 0.04

Size -0.011 -0.010 -0.012 -0.009 -0.011 -0.008

-3.75 -3.76 -3.70 -2.66 -3.84 -2.52

Tangible Assets -0.229 0.035 0.026 0.275 -0.437 -0.303

-0.87 0.13 0.08 0.70 -1.46 -0.63

Industry Takeover Activity 1.456 1.006 0.609 1.563

8.59 5.76 3.30 7.93

Year Dummies No Yes Yes No No No

Industry Dummies No No Yes No No No

Year × Ind. Dummies No No No Yes No Yes

Adjusted R2 0.002 0.009 0.012 0.002 0.004 0.009

Number of observations 73,911 73,911 73,911 73,911 57,203 57,203
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TABLE 4

Target Risk and Acquirer Announcement Returns: Regression Results

This table presents results for OLS regressions of acquirer announcement returns on target risk and control
variables. All variables have previously been defined in Table 1. Specification (3) includes year, bidder
industry, and target industry fixed effects. Specification (6) uses an event window from day -30 to the close
of the transaction as reported in SDC. The t-statistics are reported in small font size below the estimates.
Standard errors are clustered by announcement month.

Interpretation: Acquirers of risky targets (high idiosyncratic volatility) experience lower announcement

returns after controlling for standard deal and firm characteristics. This finding is robust across different

event windows and different sets of control variables.

Dep. var.: Acquirer Announcement Return

[−1,+1] [−1,+1] [−1,+1] [−3,+3] [−5,+5] [−30,+C]

(1) (2) (3) (4) (5) (6)

Target Risk -0.477 -0.451 -0.384 -0.431 -0.352 -1.596

-5.89 -5.03 -3.07 -3.59 -2.63 -2.99

Acquirer ROA 3.855 1.223 0.750 3.898 3.802 11.274

1.95 0.59 0.32 1.70 1.39 1.28

Acquirer BM Ratio 1.039 0.658 0.374 0.966 1.301 10.434

1.86 1.19 0.63 1.64 1.90 5.04

Acquirer MCAP 0.434 0.349 0.428 0.375 0.329 0.842

4.74 3.68 3.45 3.62 2.67 2.30

Target ROA -0.944 -1.592 -3.021 -2.109 -2.442 -5.981

-0.92 -1.55 -2.67 -1.72 -1.68 -1.15

Target BM Ratio -0.117 -0.361 -0.342 -0.190 0.040 0.460

-0.33 -0.99 -0.91 -0.42 0.09 0.30

Target MCAP -1.170 -1.064 -1.053 -1.103 -1.060 -0.938

-9.82 -8.28 -7.50 -7.61 -6.68 -1.88

Cash 1.201 1.570 1.070 1.014 3.728

3.93 4.93 3.01 2.43 2.77

Stock -0.666 -0.537 -1.138 -1.267 -1.133

-2.21 -1.67 -3.13 -3.20 -0.85

Tender 0.800 1.011 0.612 0.865 1.001

2.16 2.63 1.33 1.62 0.67

Hostile 0.160 -0.422 -0.980 0.017 -0.366

0.21 -0.52 -1.06 0.02 -0.10

Conglomerate -0.060 -0.017 -0.067 -0.434 -4.135

-0.22 -0.05 -0.20 -1.18 -3.51

Competed -0.377 -0.444 -0.898 -0.965 -0.654

-0.75 -0.89 -1.50 -1.54 -0.38

New Economy -0.754 0.632 -1.106 -0.835 -1.215

-1.98 0.85 -2.43 -1.44 -0.58

log(Number of Deals) -0.440 -0.402 -0.323 -0.363 -0.414

-3.77 -1.89 -2.22 -2.32 -0.64

Acquirer Riskiness 0.063

0.26

Industry and year FE No No Yes No No No

Adjusted R2 0.050 0.072 0.097 0.062 0.050 0.038

Number of observations 3,131 3,130 3,106 3,130 3,130 2,937
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TABLE 5

Target Risk, Acquirer Announcement Returns, and Synergies: Matching Results

This table presents matching results. The takeover sample is first divided at the median annual target
idiosyncratic volatility in two groups. For each takeover in the high target risk group we then find a
matching takeover from the low target risk group using the following criteria: same year, same acquirer
industry, same target industry, and a target size (market capitalization) within the range of ±20% of the
target in the matched deal. We use Fama-French 12 industries in this test. For each group the mean acquirer
announcement return (ACAR) and synergy is reported, as well as the difference between the matched
subsamples. The t-statistics for the one-sample (mean equal to zero) and two-sample t-test (difference) are
reported below the means.

Interpretation: This table shows that acquisitions of risky targets (high idiosyncratic volatility) exhibit

lower acquirer announcement returns and synergies than otherwise similar acquisitions of less risky targets.

ACAR Synergy

(1) (2)

High Target Risk -2.477 0.123

-7.62 0.40

Low Target Risk -0.750 1.788

-2.45 5.57

Difference -1.728 -1.665

-3.96 -3.80

Number of matches 417 413
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TABLE 6

Target Risk and Synergies: Regression Results

This table presents results for OLS regressions of synergies on target risk and control variables. All variables
have previously been defined in Table 1. Specification (3) includes year, bidder industry, and target industry
fixed effects. Specification (6) uses an event window from day -30 to the close of the transaction as reported
in SDC. The t-statistics are reported in small font size below the estimates. Standard errors are clustered
by announcement month.

Interpretation: Synergies, i.e. combined bidder and target value created in the deal, are lower in deals

with risky targets (high idiosyncratic volatility). This finding is robust across different event windows and

different sets of control variables.

Dep. var.: Synergy

[−1,+1] [−1,+1] [−1,+1] [−3,+3] [−5,+5] [−30,+C]

(1) (2) (3) (4) (5) (6)

Target Risk -0.511 -0.474 -0.497 -0.495 -0.402 -2.119

-5.87 -5.21 -4.15 -4.32 -3.09 -3.71

Acquirer ROA 5.392 2.035 0.995 5.422 4.951 6.161

2.97 1.08 0.45 2.56 2.07 0.67

Acquirer BM Ratio 0.651 0.223 0.172 0.296 0.786 7.081

1.55 0.54 0.39 0.62 1.48 4.05

Acquirer MCAP -0.693 -0.799 -0.746 -0.856 -0.882 -0.928

-8.73 -10.02 -6.35 -8.85 -7.47 -2.30

Target ROA -0.142 -0.638 -1.552 -1.472 -1.464 -1.431

-0.13 -0.59 -1.33 -1.09 -0.95 -0.28

Target BM Ratio 0.496 0.175 0.276 0.188 0.261 1.571

1.65 0.56 0.86 0.50 0.62 0.89

Target MCAP 0.035 0.128 0.098 0.108 0.156 0.590

0.31 1.09 0.74 0.79 0.98 0.98

Cash 0.832 0.993 0.572 0.548 2.901

2.85 3.10 1.69 1.38 1.96

Stock -1.432 -1.233 -1.955 -2.072 -1.612

-4.72 -3.98 -5.46 -5.40 -0.99

Tender 1.645 1.741 1.527 1.766 3.143

4.16 4.11 3.33 3.23 1.63

Hostile 2.153 1.953 1.828 3.062 2.271

2.49 2.23 1.92 2.87 0.61

Conglomerate -0.301 -0.381 -0.466 -0.847 -4.011

-1.26 -1.38 -1.49 -2.36 -2.81

Competed -0.613 -0.725 -0.979 -1.010 0.961

-1.32 -1.58 -1.91 -1.79 0.50

New Economy -0.526 0.649 -0.896 -0.668 0.245

-1.44 0.90 -2.03 -1.23 0.11

log(Number of Deals) -0.348 -0.364 -0.261 -0.277 -0.467

-2.89 -1.70 -1.81 -1.82 -0.68

Acquirer Riskiness 0.003

0.01

Industry and year FE No No Yes No No No

Adjusted R2 0.055 0.097 0.112 0.080 0.071 0.046

Number of observations 3,106 3,105 3,081 3,104 3,105 1,887
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TABLE 7

Target Risk and Long-Run Accounting Performance

This table presents results for OLS regressions of post-acquisition return on assets (ROA) in years t + 1,
t + 2 and t + 3, on target risk and control variables, all measured before the acquisition. Only completed
acquisitions are used. The t-statistics for the coefficient estimates are reported in small font size below the
estimates. Standard errors are clustered by announcement month.

Interpretation: This table shows that acquirers of risky targets (high idiosyncratic volatility) are less

profitable in terms of return on assets in the three fiscal years after the acquisition.

Dep. var.: ROA in t+ 1 ROA in t+ 2 ROA in t+ 3

(1) (2) (3) (4) (5) (6)

Target Risk -0.629 -0.579 -0.699 -0.585 -0.435 -0.328

-4.03 -3.68 -4.25 -3.61 -2.62 -1.95

Acquirer ROA 0.543 0.540 0.484 0.474 0.437 0.425

16.33 16.21 13.51 13.49 10.99 10.72

Acquirer BM Ratio 1.484 1.482 1.646 1.608 1.019 0.961

3.17 3.01 3.02 2.96 1.76 1.65

Acquirer MCAP 0.935 0.982 0.926 0.996 0.803 0.860

7.40 7.26 6.98 7.07 6.70 7.27

Target ROA 0.057 0.059 0.015 0.017 0.007 0.009

3.31 3.37 0.88 1.03 0.39 0.52

Target BM Ratio -0.340 -0.428 -0.503 -0.711 -0.672 -0.945

-0.85 -1.08 -1.12 -1.58 -1.62 -2.26

Target MCAP -1.117 -1.135 -0.838 -0.821 -0.613 -0.592

-8.13 -8.03 -5.98 -5.63 -4.21 -4.04

Cash 0.254 0.440 0.544

0.76 1.05 1.41

Stock 0.056 -0.613 -0.830

0.15 -1.50 -2.08

Tender -0.301 -0.753 -0.534

-0.76 -1.48 -1.05

Hostile 1.238 2.736 2.765

0.85 1.58 1.73

Conglomerate -0.698 -1.251 -1.436

-1.92 -3.08 -3.58

Competed -0.052 -0.786 -0.266

-0.06 -0.98 -0.44

New Economy -1.367 -2.544 -1.575

-2.00 -2.91 -1.88

log(Number of Deals) 0.038 0.021 -0.311

0.20 0.09 -1.45

Year FE Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes

Adjusted R2 0.549 0.550 0.450 0.457 0.434 0.441

Number of observations 2,424 2,423 2,280 2,279 2,125 2,125
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TABLE 8

Bidding-Firm CEO Fixed Effects

This table presents results on CEO fixed effects. We regress target risk on the full set of control variables
from our benchmark regression in Table 4, specification (2), bidder firm fixed effects, and bidder CEO fixed
effects. We also present results using EISKEW and LIDX as alternative dependent variables. For each
dependent variable we show two specifications, one with bidding firm fixed effects, and one with bidding
firm and bidder CEO fixed effects. F-tests for the joint significance of the CEO fixed effects are conducted.
For each F-test the F-statistic (column 2), the associated p-value (column 3) and the number of constraints
(column 4) are reported.

Interpretation: This table shows that acquirer CEO fixed effects are significantly associated with target

riskiness (idiosyncratic volatility). Bidder CEO fixed effects also explain variation in alternative gambling

proxies EISKEW and LIDX.

Dep. variable F-
statistic

p-value Constraints N Adj. R2 Regression model

Target Risk 1,735 0.639 firm FE and controls

Target Risk 1.39 < .01 162 1,735 0.664 firm FE and CEO FE and controls

EISKEW 1,679 0.511 firm FE and controls

EISKEW 1.73 < .01 150 1,679 0.568 firm FE and CEO FE and controls

LIDX 1,679 0.713 firm FE and controls

LIDX 1.33 < .01 150 1,679 0.742 firm FE and CEO FE and controls
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TABLE 9

Target Risk and Gambling Propensity

This table presents sample splits by measures of gambling propensity. Specification (2) from Tables 4 and
6 is rerun for different subsamples. The first split is by CPRATIO, the ratio of Catholic to Protestant
population in the county where the acquirer headquarter is located. High and low CPRATIO groups are
defined as CPRATIO values in (below) the top tercile. Additional controls are county population, average
educational attainment in the county, percentage of minority households, the male-female-ratio, average age,
the fraction of inhabitants in urban areas obtained from the US Census, the fraction of firms in the acquirer’s
FF48-industry located in the same MSA as the acquirer, the average R&D spending in the acquirer’s FF48-
industry (scaled by total assets), and MSA fixed effects. The second split is by bidding-firm CEO age. High
and low CEO age groups are defined by splitting the sample at the median age each year. Additional controls
are CEO tenure, acquirer and target firm age, and acquirer and target R&D over total assets ratio. The table
reports the coefficient estimates of target riskiness and its t-statistic as well as the number of observations in
small font size below the estimates. The table also reports the difference between the coefficients on target
riskiness in the two subsamples and below the t-statistic from a Wald-test of equality of coefficients in small
font size. Standard errors are clustered by announcement month.

Interpretation: Target risk matters more for ACARs and synergies when gambling propensity of bidding

firm CEOs is higher (high CPRATIO, young CEOs).

ACAR [-1,+1] Synergy [-1,+1]

CPRATIO High Low Diff. High Low Diff.

-0.558 -0.166 -0.392 -0.725 -0.355 -0.370

-4.55 -1.07 -2.23 -5.73 -1.98 -2.00

1,689 1,215 1,677 1,203

CEO Age Young Old Diff. Young Old Diff.

-0.982 -0.113 -0.869 -1.036 -0.086 -0.950

-3.44 -0.52 -2.46 -3.65 -0.41 -2.52

477 399 477 396
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TABLE 10

Target Risk and Individual CEO Religious Beliefs

This table presents sorting results when ACARs and synergies are sorted by target risk and Catholic bidding-
firm CEOs. The sample of takeovers where religious information about the acquiring firm’s CEO is publicly
available (from Marquis Who’s Who online database) is split at the median of target riskiness (idiosyncratic
volatility), target idiosyncratic skewness (EISKEW), and target lottery index (LIDX), respectively. For each
subsample, Panel A reports the mean acquirer announcement return (ACAR), the number of takeovers, the
difference between Catholic and Non-Catholic, and the t-statistic from a two-sample t-test. Panel B reports
results for synergies.

Interpretation: Both bidder announcement returns and combined bidder and target announcement returns

(synergies) are highest for deals where gambling is unlikely to play a large role (CEOs with lower gambling

propensity and targets that look relatively less attractive as a gamble). Deals where the target looks attractive

as a bet and where the CEO is likely to find gambling more attractive are the worst for bidding firm

shareholders and they overall destroy value.

Panel A: Acquirer Announcement Returns

Mean Acquirer Announcement Return

Target Risk Target Skewness Target Lottery Index

Low High Low High Low High

Catholic -1.684 -2.864 -1.351 -3.614 -1.701 -3.000

N 31 37 36 29 32 33

Non-Catholic -1.159 -1.245 -1.334 -0.933 -1.401 -0.831

N 75 68 65 71 70 66

Difference -0.525 -1.619 -0.017 -2.681 -0.300 -2.169

t-statistic -0.56 -1.42 -0.02 -1.87 -0.25 -1.65

Panel B: Synergies

Mean Synergy

Target Risk Target Skewness Target Lottery Index

Low High Low High Low High

Catholic 1.363 -1.195 1.213 -1.428 1.225 -1.119

N 31 37 36 29 32 33

Non-Catholic 1.610 0.153 1.506 0.503 1.336 0.610

N 73 65 64 68 69 63

Difference -0.247 -1.348 -0.293 -1.930 -0.111 -1.729

t-statistic -0.21 -1.34 -0.29 -1.53 -0.11 -1.40
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TABLE 11

Alternative Proxies for Target-Firm Gambling Attractiveness

This table presents results from expected idiosyncratic skewness (EISKEW) and a lottery index (LIDX) that
combines volatility and skewness, as alternative measures to capture gambling attractiveness. Appendix C
describes the construction of those variables. In Panel A, except for replacing target risk by EISKEW and
LIDX, regressions are otherwise identical to those in Tables 4 and 6. In Panel B, regressions are otherwise
identical to those in Table 3. The t-statistics for the coefficient estimates are reported in small font size
below the estimates. Standard errors are clustered by announcement month (Panel A) or at the firm level
(Panel B).

Interpretation: This table shows that using skewness or a lottery index that combines skewness and

volatility as alternative measures of the gambling attractiveness of a target firm yield very similar results as

in Tables 3, 4, and 6. Whenever a target looks more attractive as a bet, bidder announcement returns are

lower, synergies are lower, and the takeover probability is higher.

Panel A: Baseline Regressions Using Alternative Gambling Variables

[−1,+1] [−1,+1] [−1,+1] [−3,+3] [−5,+5] [−30,+C]
(1) (2) (3) (4) (5) (6)

Dependent variable: ACAR
EISKEW -1.407 -1.383 -0.623 -1.291 -1.054 -3.935

-4.21 -4.14 -1.74 -3.00 -2.27 -2.10

Number of observations 3,000 2,999 2,890 2,999 2,999 2,812

LIDX -2.374 -2.629 -2.461 -2.518 -2.333 -8.183
-3.74 -3.96 -2.89 -2.86 -2.31 -2.10

Number of observations 3,000 2,999 2,890 2,999 2,999 2,812

Dependent variable: Synergies
EISKEW -0.976 -1.002 -0.659 -1.057 -0.728 -2.763

-2.84 -3.08 -1.83 -2.50 -1.84 -1.66

Number of observations 2,976 2,975 2,866 2,974 2,975 1,805

LIDX -2.043 -2.253 -3.120 -2.481 -1.975 -6.037
-3.05 -3.33 -3.58 -2.70 -1.98 -1.75

Number of observations 2,976 2,975 2,866 2,974 2,975 1,805

Acq. and target controls Yes Yes Yes Yes Yes Yes
Deal controls No Yes Yes Yes Yes Yes
Industry and year FE No No Yes No No No

Panel B: Takeover Probability Using Alternative Gambling Variables

Dep. var.: Indicator: Firm taken over in current year
Full Full Full Full Large Large

Sample Sample Sample Sample Firms Firms
(1) (2) (3) (4) (5) (6)

EISKEW 0.293 0.436 0.386 0.366 0.503 1.233
1.88 2.66 2.30 1.92 2.50 4.32

Number of observations 73,110 73,110 73,110 73,110 56,678 56,678

LIDX 2.302 1.898 1.834 1.685 3.771 4.478
6.25 5.11 4.69 3.75 7.96 7.46

Number of observations 73,110 73,110 73,110 73,110 56,678 56,678

Controls Yes Yes Yes Yes Yes Yes
Year Dummies No Yes Yes No No No
Industry Dummies No No Yes No No No
Year × Ind. Dummies No No No Yes No Yes
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TABLE 12

Target Risk and Overconfidence

This table presents tests for overconfidence. Panel A repeats our baseline results from Tables 4 and 6 using
overconfidence as an additional control variable. Overconfidence is a dummy variable based on stock option
exercise behavior computed following Hirshleifer, Low, and Teoh (2012). In Panel B specification (2) from
Tables 4 and 6 is rerun. Sample splits by overconfidence, by negative net income in the last fiscal year before
the takeover announcement, and by above or below median DIFF52 (the ratio of the bidder’s stock price at
the end of month t− 2 and the 52-week high over the months t− 13 to t− 2 minus one) are presented. To
preserve space only the coefficients of target riskiness and overconfidence are reported.

Interpretation: Controlling for overconfidence does not change the effect of target risk. In sample splits,

the effect of target risk is stronger where overconfidence is predicted to be weaker. The effect of target risk

is therefore distinct from overconfidence.

Panel A: Baseline Regressions when Controlling for Overconfidence

[−1,+1] [−1,+1] [−1,+1] [−3,+3] [−5,+5] [−30,+C]

(1) (2) (3) (4) (5) (6)

Dependent variable: ACAR

Target Risk -0.859 -0.795 -0.452 -0.734 -0.817 -2.404

-7.77 -6.67 -2.95 -4.14 -4.63 -2.98

Overconfidence 0.327 0.600 0.663 0.439 0.556 -2.901

1.15 2.06 1.98 1.11 1.07 -1.66

Number of observations 1,371 1,371 1,366 1,371 1,371 1,302

Dependent variable: Synergies

Target Risk -0.789 -0.730 -0.537 -0.757 -0.749 -2.303

-6.84 -6.21 -3.62 -4.94 -4.18 -2.64

Overconfidence 0.079 0.385 0.387 0.327 0.440 -2.691

0.29 1.38 1.28 0.87 0.89 -1.26

Number of observations 1,358 1,358 1,353 1,358 1,358 802

Acq. and target controls Yes Yes Yes Yes Yes Yes

Deal controls No Yes Yes Yes Yes Yes

Industry and year FE No No Yes No No No

Panel B: Sample Splits

ACAR [-1,+1] Synergy [-1,+1]

Overconfidence High Low Diff. High Low Diff.

-0.691 -0.952 0.261 -0.643 -0.878 0.235

-4.46 -5.15 1.08 -4.24 -4.52 0.92

711 660 702 656

Net Income Neg. Pos. Diff. Neg. Pos. Diff.

-0.971 -0.350 -0.621 -1.358 -0.355 -1.003

-3.03 -3.57 -1.97 -4.63 -3.86 -3.29

405 2,725 402 2,703

Diff to 52-week High Large Small Diff. Large Small Diff.

-0.563 -0.434 -0.129 -0.732 -0.390 -0.342

-4.79 -3.20 -0.92 -4.98 -3.10 -1.98

1,531 1,563 1,521 1,548
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TABLE 13

Target Risk and Agency Problems

This table presents results on agency problems. Specification (2) from Tables 4 and 6 is rerun separately for
subsamples of CEO ownership. Each year, bidder firm CEOs are grouped into high (low) ownership groups
if their percentage ownership of stock in their company is above (below) the median in the sample. The table
reports the coefficient estimates of target riskiness and its t-statistic as well as the number of observations in
small font size below the estimates. The table also reports the difference between the coefficients on target
riskiness in the two subsamples and below the t-statistic from a Wald-test of equality of coefficients in small
font size. Standard errors are clustered by announcement month.

Interpretation: The effect of target risk is stronger when acquirer CEOs own more stock in their company.

This argues against an agency channel in which CEOs consciously trade-off private benefits against costs

imposed on them via their equity-based pay.

ACAR [-1,+1] Synergy [-1,+1]

CEO Ownership High Low Diff. High Low Diff.

-0.873 -0.363 -0.510 -0.955 -0.291 -0.664

-4.43 -2.32 -1.95 -4.98 -2.00 -2.58

659 1,072 656 1,059
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TABLE 14

Target Risk and Failed Internal Investments

This table presents sample splits by measures of insider trading activity and changes in analyst earnings
forecasts. Specification (2) from Tables 4 and 6 is rerun for 4 different subsamples: (i) sell (buy) if cumulative
sales (purchases) exceed cumulative purchases (sales) of bidding firm insiders in their own stock between
month t− 14 and t− 2 before the announcement, (ii) down (up) if more analysts following the bidding firm
have reduced (increased) their earnings per share forecast than increased (reduced) for the next fiscal year
after the acquisition announcement between month t − 14 and t − 2 before the announcement. The table
reports the coefficient estimates of target riskiness and its t-statistic as well as the number of observations in
small font size below the estimates. The table also reports the difference between the coefficients on target
riskiness in the two subsamples and below the t-statistic from a Wald-test of equality of coefficients in small
font size. Standard errors are clustered by announcement month.

Interpretation: The effect of target risk also obtains when bidding-firm insiders are net buyers of company

stock and is stronger when analysts are revising their EPS forecasts upwards. It is unlikely for these subsets

of firms that risky deals would be done to compensate for failed internal investment. Hence, risky deals

signalling bad news is unlikely to be the main driver for our findings.

ACAR [-1,+1] Synergy [-1,+1]

Net Insider Trading Sell Buy Diff. Sell Buy Diff.

-0.644 -0.490 -0.154 -0.647 -0.493 -0.154

-4.30 -2.50 -0.58 -4.61 -2.51 -0.61

1,374 944 1,363 935

Analysts Change EPS Forecast Down Up Diff. Down Up Diff.

-0.413 -0.638 0.225 -0.532 -0.559 0.027

-1.69 -3.71 0.76 -2.07 -3.57 0.10

613 889 610 884
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FIGURE 1
Takeover Probability

This figure shows the average annual takeover probably for firms with above median target idiosyn-
cratic volatility (red bars) and below median target idiosyncratic volatility (blue bars).

Interpretation: The figure shows that for almost all sample years high “risky” firms have a higher takeover

probability than “safe” firms.
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FIGURE 2
Acquirer Announcement Returns

This figure shows the development of cumulative abnormal bidder returns in the 60 days around the
announcement. The red (blue) line represents takeovers of targets with above (below) median idiosyncratic
volatility.

Interpretation: Bidders that acquire risky targets perform worse than other bidders. There is a striking

difference after the announcement but no difference before the announcement, suggesting a causal impact

of the deal on subsequent performance.
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FIGURE 3
Synergies

This figure shows the development of combined cumulative abnormal bidder and target returns (syn-
ergies), computed following Bradley, Desai, and Kim (1988), in the 60 days around the announcement. The
red (blue) line represents takeovers of targets with above (below) median idiosyncratic volatility.

Interpretation: Synergies are lower in deals with risky targets. There is a striking difference after the

announcement but little difference before the announcement. The pattern suggests that value is created in

deals with low risk targets, but not in the group with risky targets.
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Appendix A: Variable Definitions and Sources

TABLE A.1

Variable Definitions and Sources

This table briefly defines the main variables used in the empirical analysis. The data sources are: (i) ARDA:
Association of Religion Data Archives, (ii) Compustat, (iii) CRSP: Center for Research on Security Prices, (iv)
ExecuComp, (v) IFDF: Insider Filing Data Feed by Thomson Reuters, (vi) I/B/E/S: Institutional Brokers’ Estimate
System by Thomson Reuters.

Variable name Description Source

Target risk variables

Target Risk Idiosyncratic volatility (standard deviation) of regression residual using the
Fama and French (1993) three-factor model. Residuals are estimated using
daily data over a three year period prior ending in month t − 2 for an an-
nouncement in month t.

CRSP

EISKEW Expected idiosyncratic skewness estimated following Boyer, Mitton, and
Vorkink (2009). For an announcement in month t, we calculate EISKEW
for the four year period ending in month t− 2.

CRSP

LIDX Stocks are assigned to vigintiles (semi-deciles) by Target Risk and EISKEW
(where 20 is the highest volatility and skewness group). The Target Risk
and EISKEW vigintile assignments are added for each target to produce a
score ranging from 2 to 40, which is then scaled to range from 0 to 1 using
(Score-2)/(40-2).

CRSP

Acquirer and target characteristics

ROA Bidder (target) firm return on assets (= EBITDA / total assets) from the last
fiscal year before the takeover announcement.

Compustat

BM Ratio Ratio of book value of equity (= stockholders’ equity + deferred taxes and
investment tax credit - redemption value of preferred stock) to market value
of equity (MCAP) the last fiscal year end before the takeover announcement
for the bidder (target) firm.

CRSP,
Compustat

MCAP Natural log of Price * Shares outstanding (in millions) at the last fiscal year
end before the takeover announcement for the bidder (target) firm.

CRSP

Relative Size Transaction value over bidder’s market capitalization at the last fiscal year
end before the takeover announcement.

SDC, CRSP

New Economy 1 if the target is a new economy firm. Following Oyer and Scheafer (2005)
targets with SIC codes 3570 to 3579, 3663, 3674, 5045, 5961, and 7370 to 7379
are defined as new economy firms.

SDC

(continued...)



TABLE A.1 (Continued)

Variable Definitions and Sources

Variable name Description Source

Deal characteristics

A(T)CAR[-1,+1] 3-day cumulative abnormal returns for the bidder (target) firm using the mar-
ket model. Market model parameters are estimated over days (-280, -31).

CRSP

Synergy[-1,+1] Percentage synergies calculated as ($ACAR[-1,+1] + $TCAR[-1,+1]) /
(AcquirerMCAP[-2] + (1 – Toehold) * TargetMCAP[-2]), where $ACAR[-
1,+1] ($TCAR[-1,+1]) is 3-day cumulative abnormal dollar return for the
bidder (target) firm.

SDC, CRSP

Toehold Percent of shares held by the acquirer at the takeover announcement date. SDC

Cash 1 for deals financed with cash only. SDC

Stock 1 for deals financed with stock only. SDC

Tender 1 for tender offers. SDC

Hostile 1 for hostile deals. SDC

Conglomerate 1 where bidder and target are in a different 2-digit SIC code industry. SDC

Competed 1 for deals with more than one bidder. SDC

log(Number of Deals) Natural log of the number of sample transactions in the target’s 2-digit SIC
code industry in the year of the takeover announcement.

SDC

Completed 1 for completed deals. SDC

Additional variables

CPRATIO Ratio of Catholic population to Protestant population in the county where
the acquirer headquarter is located.

ARDA, US
Census

CEO Age Age of the bidder firm’s CEO in the year of the takeover announcement. ExecuComp

CEO Ownership Percentage stock ownership of the bidder firm’s CEO in the year of the
takeover announcement.

ExecuComp

Overconfidence 1 for deals where the CEO of the bidder firm has held options that are at least
67% in-the-money in the fiscal year prior to the acquisition announcement.

ExecuComp

DIFF52 Ratio of the bidder’s stock price at the end of month t − 2 and the 52-week
high over months t− 13 to t− 2 minus one.

CRSP

Negative Net Income 1 if net income of the bidder was negative at last fiscal year end. Compustat

Net Insider Trading Cumulative trading of bidding firm insiders in their own stock (in number of
shares) between month t− 14 and t− 2 before the announcement.

IFDF

Analysts Change EPS
Forecast

1 (-1) if more analysts following the bidding firm have increased (reduced)
their earnings per share forecast than reduced (increased) for the next fiscal
year after the acquisition announcement between month t−14 and t−2 before
the announcement.

I/B/E/S



Appendix B: Proof of Proposition 1

Takeover probability. If all bargaining power is with the bidder, the minimum price that targets
can accept without being worse off is P = v. Hence, a bidder will find it profitable to do the deal
if:

∆U = ∆F + α = v̂i − c− v + α = Si − c+ α > 0 (5)

For the high synergy case i = H, we know that SH−c > 0 so we still see that both high synergy
targets are taken over irrespective of α. For low synergy bidders, equation (5) implies that bidders
are better off if α > c− SL. If this condition is satisfied, then both lottery targets are taken over.
But only one non-lottery target is.

If all bargaining power is with the target, replacing v in equation (5) by P and setting the
equation to zero shows that the price paid to the target is equal to P = v̂i− c+α. The target will
accept to enter in a deal as long as P = v̂i− c+α > v, which again yields the condition α > c−SL.

Synergies. Average synergies (before costs) in the baseline were SH for observed deals. For the
one non-lottery target taken over, this is still true. For lottery deals, average synergies if α > c−SL

are 1
2

(
SH + SL

)
and therefore lower.

Acquirer announcement returns. In the baseline, bidder returns are positive, because other-
wise the deal would not be done. For non-lottery targets taken over, this is still the case in the
setting with CEO gambling preferences. For lottery targets, if α > c−SL, the second lottery target
is a negative NPV project. Since targets will only accept the deal if the price is at least equal to
the current price of the firm in the market, this implies that bidder returns for the second lottery
target are negative. Therefore average bidder returns are lower when α > c− SL. Q.E.D.



Appendix C: Construction of EISKEW and LIDX

The second measure of target riskiness we use is expected idiosyncratic skewness (EISKEW). Boyer,
Mitton, and Vorkink (2010) show that past skewness is a weak predictor of future skewness and
propose a cross-sectional estimation procedure instead, which we adapt. To estimate EISKEW, we
first run for each month the regression

isi,t = β0,t + β1,tisi,t−T + λ
′
tXi,t−T + εi,t (6)

on the whole universe of CRSP firms. Here, isi,t is idiosyncratic skewness of stock i at the end of
month t, isi,t−T is idiosyncratic skewness at the end of month t−T , and Xi,t−T is a vector of addi-
tional firm-specific variables observable at the end of month t−T . We estimate predicted skewness
using with firm-specific variables proposed by Boyer, Mitton, and Vorkink (2010). Specifically, we
include idiosyncratic volatility, momentum, turnover, and a set of dummy variables for firm size
(small, medium, large), industry (based on 2-digit SIC codes), and NASDAQ stocks. In the spirit
of computing expected returns in a standard event study, we then use the coefficients from this
regression to estimate expected idiosyncratic skewness at the end of month t+ T as:

EISKEW ≡ Et[isi,t+T ] = β0,t + β1,tisi,t + λ
′
tXi,t. (7)

Finally, we construct an index, LIDX, which measures how much a target stock shares salient
characteristics of attractive gambles. Following work by Kumar (2009), who constructs a similar
index in his analysis of gambling behavior of retail investors, LIDX combines both risk character-
istics of the target’s stock used before: idiosyncratic volatility and expected idiosyncratic skewness
(EISKEW). This is motivated by the observation that attractive gambles usually have risky payoffs
(i.e. have a high variance) and offer a small chance of a large payoff (i.e. they have a high skewness).

To construct LIDX, each month we independently sort all CRSP stocks with share type codes
10 or 11 into 20 bins for each gambling feature, such that higher bin numbers indicate greater
attractiveness as a gambling object. For example, a stock with high skewness and high volatility
would be in bin 20 for each characteristic. We then form LIDX by adding the two individual
scores and rescaling the sum such that it lies between 0 (least attractive as a gamble) and 1 (most
attractive as a gamble).



Appendix D: Additional Tables

TABLE D.1

Target Risk and Acquirer Announcement Returns: Robustness Checks

This table repeats the analysis in Table 4 for alternative ways to calculate target idiosyncratic volatility
(Panel A) and for large acquisitions with target market capitalization ≥ $50 million (Panel B).

Interpretation: Panel A of this table shows that the negative association between target risk and ACAR

also obtains for using 1, 2, 4, or 5 years of daily data, and also obtains when we use 3, 4, or 5, years of

monthly data. It is therefore not special to the 3-year daily return idiosyncratic volatility variable we use in

our main tests. Panel B shows that our results are not driven by small targets.

Panel A: Alternative definitions of Idiosyncratic Volatility

Dep. var.: Acquirer Announcement Return

[−1,+1] [−1,+1] [−1,+1] [−3,+3] [−5,+5] [−30,+C]

(1) (2) (3) (4) (5) (6)

1 year -0.433 -0.393 -0.313 -0.346 -0.302 -2.113

-4.94 -4.19 -2.64 -2.78 -2.15 -4.32

2 years -0.477 -0.445 -0.373 -0.428 -0.349 -1.925

-5.71 -4.91 -3.03 -3.46 -2.53 -3.68

4 years -0.468 -0.440 -0.399 -0.401 -0.339 -1.329

-5.83 -4.90 -3.26 -3.33 -2.54 -2.54

5 years -0.443 -0.407 -0.314 -0.388 -0.340 -1.191

-5.53 -4.52 -2.64 -3.25 -2.61 -2.29

3 years monthly -10.944 -11.617 -12.161 -11.177 -12.360 -39.113

-4.21 -4.21 -3.45 -3.28 -3.21 -2.92

4 years monthly -10.424 -10.961 -10.359 -9.363 -10.402 -27.513

-4.22 -4.12 -3.01 -2.88 -2.77 -2.06

5 years monthly -10.530 -11.318 -11.545 -10.238 -11.769 -25.873

-4.40 -4.39 -3.52 -3.20 -3.26 -1.99

Acq. and target controls Yes Yes Yes Yes Yes Yes

Deal controls No Yes Yes Yes Yes Yes

Industry and year FE No No Yes No No No

Panel B: Large acquisitions

Dep. var.: Acquirer Announcement Return

[−1,+1] [−1,+1] [−1,+1] [−3,+3] [−5,+5] [−30,+C]

(1) (2) (3) (4) (5) (6)

Target Risk -0.705 -0.654 -0.586 -0.718 -0.721 -2.336

-6.81 -5.55 -3.09 -4.53 -4.17 -3.50

Number of observations 2,335 2,334 2,314 2,334 2,334 2,191

Acq. and target controls Yes Yes Yes Yes Yes Yes

Deal controls No Yes Yes Yes Yes Yes

Industry and year FE No No Yes No No No



TABLE D.2

Target Risk and Synergies: Robustness Checks

This table repeats the analysis in Table 6 for alternative ways to calculate target idiosyncratic volatility
(Panel A) and for large acquisitions with target market capitalization ≥ $50 million (Panel B).

Interpretation: Panel A of this table shows that the negative association between target risk and synergies

also obtains for using 1, 2, 4, or 5 years of daily data, and also obtains when we use 3, 4, or 5, years of

monthly data. It is therefore not special to the 3-year daily return idiosyncratic volatility variable we use in

our main tests. Panel B shows that our results are not driven by small targets.

Panel A: Alternative definitions of Idiosyncratic Volatility

Dep. var.: Synergy

[−1,+1] [−1,+1] [−1,+1] [−3,+3] [−5,+5] [−30,+C]

(1) (2) (3) (4) (5) (6)

1 year -0.460 -0.410 -0.436 -0.393 -0.344 -2.587

-5.14 -4.37 -4.00 -3.28 -2.53 -4.79

2 years -0.501 -0.455 -0.493 -0.479 -0.386 -2.493

-5.86 -5.17 -4.45 -4.18 -2.93 -4.34

4 years -0.501 -0.462 -0.514 -0.464 -0.387 -1.783

-5.75 -5.07 -4.34 -4.00 -3.00 -3.11

5 years -0.482 -0.435 -0.450 -0.452 -0.392 -1.634

-5.51 -4.76 -3.79 -3.93 -3.11 -2.89

3 years monthly -10.347 -11.469 -15.508 -11.825 -12.164 -41.435

-4.05 -4.21 -4.60 -3.60 -3.18 -2.76

4 years monthly -9.886 -10.842 -14.761 -10.163 -10.364 -26.308

-4.03 -4.13 -4.40 -3.15 -2.73 -1.95

5 years monthly -9.605 -10.677 -14.648 -10.501 -11.229 -21.207

-4.01 -4.16 -4.54 -3.26 -3.05 -1.74

Acq. and target controls Yes Yes Yes Yes Yes Yes

Deal controls No Yes Yes Yes Yes Yes

Industry and year FE No No Yes No No No

Panel B: Large acquisitions

Dep. var.: Synergy

[−1,+1] [−1,+1] [−1,+1] [−3,+3] [−5,+5] [−30,+C]

(1) (2) (3) (4) (5) (6)

Target Risk -0.768 -0.704 -0.769 -0.849 -0.792 -2.851

-6.55 -5.81 -4.48 -5.55 -4.59 -3.79

Number of observations 2,313 2,312 2,292 2,311 2,312 1,416

Acq. and target controls Yes Yes Yes Yes Yes Yes

Deal controls No Yes Yes Yes Yes Yes

Industry and year FE No No Yes No No No


	Introduction
	Data and Key Variables
	Target Riskiness and Merger Outcomes
	Takeover probability
	Acquirer announcement returns
	Synergies
	Long-run accounting performance

	An Explanation Based on CEO Gambling Preferences
	Target volatility and gambling attractiveness
	Theoretical framework
	Testing for CEO fixed effects in target riskiness
	Evidence on the relevance of gambling attitudes
	Evidence from local gambling norms and CEO age
	Evidence from individual CEO religious beliefs

	Alternative proxies for gambling attractiveness

	Extensions and Alternative Explanations
	Alternative CEO-based explanation: overconfidence
	Alternative CEO-based explanation: agency problems
	Risky deals as a signal of failed internal investment
	Other potential explanations

	Contribution to the Literature
	Conclusion

