
 

 

 

 

 

 
 
 

Fakultät für Mathematik und Wirtschaftswissenschaften  

Institut für Strategische Unternehmensführung und Finanzierung  

 

 

 

Equity Premium Prediction 

using Informed Investor Information  

 

 
 
Dissertation zur Erlangung des Doktorgrades  Dr. rer. pol. an der 

Fakultät für Mathematik und Wirtschaftswissenschaften der 

Universität Ulm 

 

 

vorgelegt von Patrick Launhardt  

geboren in Hanau 

 

 

2019  

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Amtierender Dekan:  Prof. Dr. Martin Müller 

Erstgutachter:   Prof. Dr. André Guettler 

Zweitgutachter:  Prof. Dr. Gunter Löffler 

Tag der Promotion:  27. Juni 2019 



iii 

 

Table of Contents 

Summary v 

Acknowledgments x 

1 Aggregate Insider Trading and the Predictability of the Equity Premium 1 

1.1 Introduction 1 

1.2 Data 5 

1.3 In-Sample Predictive Regressions 7 

1.3.1 U.S. Equity Premia 9 

1.3.2 U.S. Industry Equity Premia 11 

1.3.3 European Equity Premia 13 

1.4 Out-of-Sample Predictive Regressions 16 

1.4.1 U.S. Equity Premia 17 

1.4.2 U.S. Industry Equity Premia 18 

1.4.3 European Equity Premia 19 

1.5 Informational Content of AIT 21 

1.5.1 Forecast Encompassing Tests 21 

1.5.2 Source of the Predictive Power of AIT 22 

1.5.3 AIT and Aggregate Short Selling 24 

1.6 Economic Value of AIT 25 

1.7 Conclusion 27 

2 Aggregate Implied Cost of Capital and  Equity Premium Predictability 69 

2.1 Introduction 69 

2.2 Predictors of the Equity Premium 71 

2.2.1 Aggregate Implied Cost of Capital from Option-Implied Information 71 

2.2.2 Established Predictors of the Equity Premium 74 

2.3 Predictive Regression Analysis 75 

2.3.1 In-Sample Results 75 

2.3.2 Out-of-Sample Results 77 



iv 

 

2.4 Informational Content of the Aggregate Implied Costs of Capital 78 

2.5 Conclusion 79 

3  Aggregate Insider Trading and the Prediction of 

Corporate Credit Spread Changes 90 

3.1 Introduction 90 

3.2 Data and Methodology 92 

3.3 Empirical Results 95 

3.3.1 Predicting Corporate Credit Spread Changes 95 

3.3.2 Default Risk Levels 96 

3.3.3 Insiders’ Involvement in Daily Business and Default Risk Levels 97 

3.3.4 Net Purchasing, Net Selling and the Financial Crisis 99 

3.4 Conclusion 102 

 

 

 

 

 

 



v 

 

Summary 

The results in this thesis reveal the value of using informed investor information for 

predicting the equity premium and aggregate default risk. The thesis comprises three self-

contained chapters. The first chapter investigates whether aggregate corporate insider 

transactions have in and out-of-sample predictive power for the equity premium in major U.S. 

and European markets. The second chapter proposes a new metric of aggregate implied cost of 

capital computed from index options and assesses its predictive power for the equity premium. 

The third chapter revisits the topic of aggregate corporate insider transactions and expands its 

focus to the bond market by investigating its predictive power for future changes in corporate 

credit spreads. 

Starting with Dow (1920) there is an ever-ongoing debate about whether returns, and 

specifically equity premia, are predictable. Ninety years later, Goyal and Welch (2008) 

investigate the in and out-of-sample predictability of the equity premium. They find that only a 

small number of the established variables have a predictive content in-sample, while no single 

variable successfully predicts the equity premium out-of-sample. The authors conclude that all 

established predictors of the equity premium “would not have helped an investor with access 

only to available information to profitably time the market.”  

In a recent paper McLean and Pontiff (2016) show that the returns of portfolios based on 

predictive models are 26 percent lower out-of-sample and even 58 percent lower when 

considering the predictor post-publication. In a subsequent analysis, they estimate a 32 percent 

lower return based on publication-informed trading, suggesting that investors do learn about 

mispricing from academic publications. 

While it is reasonable to assume that investors follow the academic dialogue on return 

predictability in practice, there seems to be a group of investors whose information about future 
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equity prices is not diluted even though many academic studies document that their information 

has predictive power: corporate insiders. However, there is no out-of-sample evidence 

regarding the predictive power of insider trading, let alone European evidence. 

The first chapter (joint work with André Guettler, Patrick Hable and Felix Miebs) takes 

on these issues. It investigates the predictive power of aggregate insider trading (AIT) for the 

equity premium in major U.S. and European stock markets. We find strong evidence that AIT 

predicts the U.S. equity premium in- and out-of-sample. The out-of-sample R² for the S&P 500 

ranges from 4.0% for monthly and 11.1% for annual equity premium predictions. The predictive 

power of AIT is also present on the industry level and tends to be higher for industries with a 

higher information asymmetry. In an international setting, we find that AIT predicts European 

equity premia. The informational content of AIT stems from insiders’ ability to forecast cash 

flows and real economic activity in the U.S. and Europe. The predictive power translates into 

mean-variance utility gains of 5.2 percent per annum in the S&P 500. 

In the second chapter (joint work with Felix Miebs), a new metric of implied cost of 

capital, option-implied cost of capital (O-ICC), is introduced, suggesting that another group of 

informed investors, i.e. option traders, are better informed investors than analysts. The ICC 

from analyst estimates finds a variety of applications in finance and is documented to predict 

the equity premium. Yet, the construction of the analyst-based ICC is data intensive and 

imposes restrictions on the employed analyst estimates. We suggest a new way to obtain a 

market-wide ICC using implied dividends and implied dividend growth rates in index option 

prices. We show that the resulting ICC from option implied information predicts the equity 

premium in- and out-of-sample. At the same time, we find that the predictive power of the 

aggregate ICC from analyst estimates is not prevalent in our sample once we control for the 

persistence of the variable. The informational content of our O-ICC is linked to future cash 

flows and predicts future real economic activity. 
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In sum, this chapter shows that investors can benefit from using aggregate information 

from option trades, i.e. index options, to easily derive a valuable predictor for the equity 

premium. 

The third chapter (joint work with Patrick Hable) extents the analysis of aggregate insider 

trading to credit spread changes, a topic not yet covered by the existing literature. Seyhun 

(1992), Piotroski and Roulstone (2005) and Jiang and Zaman (2010) show that insiders are able 

to yield abnormal returns and that insider trading predicts the stock market because they are 

able to gauge future cash flows of their firms. Drawing from the basic proposition of the Merton 

(1974) model that the value of assets of a firm positively relate to its default risk, we argue that 

AIT predicts aggregate default risk as resembled by corporate credit spreads. If insiders have 

information about future cash flows, net insider selling indicates that insiders anticipate a 

decrease in the performance of their firm, followed by decrease in the stock price. This decrease 

will be reflected in a lower asset value and finally result in an increase in default risk. Thus, if 

insiders sell on aggregate, aggregate default risk as captured by credit spreads will increase. 

Hence, we hypothesize that aggregate insider trading predicts future changes in corporate credit 

spreads. 

We show that equity-based aggregate insider trading predicts future changes in U.S. 

corporate credit spreads. Results suggest that the closer insiders are involved in daily business 

activities, the greater the predictive power of those insiders’ transactions is. In line with the 

literature, we reason that closely involved insiders are better at gauging future changes in cash 

flow realizations eventually affecting a firms’ default risk, because these insiders have greater 

access to in-firm information. The predictive power of aggregate insider trading doubles each 

time we increase the forecast horizon and each time when gradually increasing the level of 

default risk from BBB to CCC spreads. For the standard BBB-AAA spread, a univariate model 

explains up to 52 percent in annual credit spread change variation and is economically 
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meaningful. An increase of one standard deviation in aggregate insider trading translates into a 

decrease of up to 72 percent of the standard deviation of annual credit spread changes. The 

predictive power of aggregate insider trading is neither just driven by the 2007/08 financial 

crisis, nor only by information conveyed from net purchasing or net selling insiders.  

The results of this chapter recommend portfolio and risk managers to take aggregate 

insider information and the heterogeneity among insiders into account when assessing future 

aggregate default risk. 

 

In sum, this thesis quantifies the predictive power of informed investor information. It 

especially reveals that using insider information, as provided by SEC Form 4 filings, predicts 

the equity premium in major U.S. and European markets and aggregate default risk as measured 

by changes in corporate credit spreads. The evidence suggests that outside investors should take 

advantage of the private information provided by insiders because it seems to be the most 

reliable and easiest to handle source of information currently available. 
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1 Aggregate Insider Trading and the Predictability 

of the Equity Premium 

 

 

1.1 Introduction 

The predictability of the equity premium is an ongoing debate, which likely started with 

Dow (1920). Ninety years later, Goyal and Welch (2008) investigate the in- and out-of-sample 

predictability of the equity premium. They conclude that all established predictors of the equity 

premium “would not have helped an investor with access only to available information to 

profitably time the market.” 

Since Goyal and Welch (2008), a growing number of studies have challenged the lack of 

out-of-sample predictability of the equity premium. One notable strand of this literature aims 

at finding new predictive variables for the equity premium (e.g., Bollerslev et al. 2009, Li et 

al. 2013, Huang et al. 2015, Møller and Rangvid 2015, and Rapach et al. 2016).1 In particular, 

the use of information from informed market participants appears to be a viable approach. Li 

et al. (2013) find that the implied cost of capital using analyst estimates of future dividends and 

growth predicts the equity premium. Additionally, Rapach et al. (2016) provide evidence that 

aggregate information from short sellers seems to predict the equity premium. We complement 

this line of literature by investigating the informational value of trades by another group of 

informed market participants: corporate insiders. 

                                                           
1 Another strand of literature focuses on methodological innovations in order to improve the predictability of the 

equity premium; see, e.g., Campbell and Thompson (2008), Rapach et al. (2010), Ferreira and Santa-Clara (2011), 

Henkel et al. (2011), Neely et al. (2014), Pettenuzzo et al. (2014), and Baetje and Menkhoff (2016). 
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We investigate whether trades by corporate insiders reveal valuable information to 

forecast the equity premium in- and out-of-sample. We find that U.S.-based aggregate insider 

trading (AIT) predicts the equity premium in- and out-of-sample for both the U.S. and Europe. 

The out-of-sample R² of AIT ranges from 4.02 (2.59) percent for monthly forecasts to 11.09 

(10.39) percent for annual forecasts of the S&P 500 (value-weighted CRSP). The predictive 

power of the U.S.-based AIT for annual forecasts of the Stoxx 50 (Stoxx 600) is similarly 

strong with an out-of-sample R² of 2.12 (2.60) percent for monthly forecasts and 8.45 (8.66) 

percent for annual forecasts. We compare the predictive content of AIT to a set of 16 predictors 

and find AIT to be the only predictor outperforming the historical mean across the U.S. and 

Europe for forecast horizons between one and 12 months.  

In the U.S., we investigate whether the predictive power of AIT is confined to 

subsegments of the market. Specifically, we analyze the predictive content of industry-specific 

AIT for the equity premium of U.S. industries. Our results show for most industries, that 

stratified AIT predicts the respective equity premia. Yet, we observe that the informational 

content of AIT differs across industries. Using analyst coverage as a proxy for the information 

environment (Hong et al. 2000, Chang 2006, Zhang 2006), we find that the predictive power 

of AIT on the industry level tends to be higher, if the level of information asymmetry is higher. 

Forecast encompassing tests reveal that AIT conveys additional information relative to 

all but one of the established predictors. While AIT conveys additional information for forecast 

horizons of up to three months, the informational content of AIT for medium and long-term 

predictions is not different from the aggregate information of short sellers. Further 

investigations of the relation between the two groups of informed investors show, that AIT 

Granger-causes aggregate short selling as measured by the short interest index of Rapach et al. 

(2016) but not vice versa.  
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The predictive power of U.S.-based AIT stems from insiders’ ability to anticipate cash 

flows and the development of real economic activity. Contrary, we find that European insiders 

do not possess any informational content for future cash flows and future economic conditions. 

From an economic point of view, the predictive content of AIT translates into utility gains 

relative to the historical mean. For the S&P 500 (value-weighted CRSP), a mean-variance 

investor would be willing to pay an annual management fee of up to 5.2 (7.1) percent to have 

access to AIT-based forecasts. If a mean-variance investor wants to invest in major European 

markets instead, he would be willing to pay 0.3 (1.9) percent for AIT-based forecasts of Stoxx 

50 (Stoxx 600) premia. Though CER gains for the Stoxx indices are relatively small, AIT is 

the only predictor yielding positive CER gains. 

Our paper contributes to the existing literature in several ways. First, we provide novel 

empirical evidence that AIT forecasts the equity premium in- and out-of-sample. Our paper is 

to the best of our knowledge the first to document that AIT predicts the equity premium out-

of-sample. Further, we corroborate existing evidence by Seyhun (1992), Lakonishok and Lee 

(2001) and Tavakoli et al. (2012) that AIT predicts future stock market returns in-sample. 

Notably, our in-sample analysis is the first that takes the econometrically challenging time-

series characteristics of AIT into account and explicitly controls for them by using the extended 

instrument variable approach of Kostakis et al. (2015).  

Second, we document that industry-specific AIT predicts industry equity premia to 

different extents. Our results suggest that the predictive power of market level AIT is driven 

by particular industries. A further analysis reveals that the predictive content of aggregate 

private information is stronger in information sparse environments, i.e. where the information 

asymmetry between corporate insiders and outside investors is higher. Our finding is consistent 
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with prior evidence for short sellers by Cohen et al. (2007), who find that the predictive power 

from short sellers increases in environments with less public information. 

Third, we add to the international equity premium prediction literature by extending our 

empirical analysis to Europe. Our finding that U.S.-based AIT conveys predictive information 

for European equity premia, while European insiders do not possess predictive power on the 

aggregate level, complements findings of Rapach et al. (2013) and Goh et al. (2013). Rapach 

et al. (2013) show that U.S. returns have predictive power for foreign stock returns, because 

investors focus intently on the U.S. market. Goh et al. (2013) show that it is beneficial to use 

U.S.-based predictors to improve forecasts of the equity premium in China. Our results suggest 

that information from informed market participants of the leading economy and its stock 

market have a leading role for international equity markets, which is in line with Rapach et al. 

(2013) and Goh et al. (2013). 

Fourth, we add to the literature on the interaction between informed investors. Massa et 

al. (2015) find that the presence of short sellers induces insiders to reveal private information 

faster. Purnanandam and Seyhun (2018) document that the informational content of short 

sellering is higher, if short sellers take corporate insiders transactions into account. We add to 

the aforementioned papers and their notion of the interaction between corporate insiders and 

short sellers by providing evidence on the aggregate level that short sellers follow corporate 

insiders.  

Fifth, we show that the predictive power of U.S.-based AIT stems from insiders’ ability 

to gauge future cash flows and real economic activity. Our analysis corroborates the results of 

Seyhun (1992), Piotroski and Roulstone (2005) and Jiang and Zaman (2010) and extends their 

findings to European markets. The superior knowledge of U.S. insiders of future cash flows 
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and real economic activity is not confined to the domestic market, but extends to the European 

market. 

  

1.2 Data 

We compute the equity premia in the U.S. as the difference between the return on the 

S&P 500 (as well as the value-weighted CRSP index) and the 3-month U.S. Treasury Bill. The 

equity premia in Europe are calculated as the difference between the return on the Stoxx 50 (as 

well as the Stoxx 600) index and the 6-month German Government Bill.2 Note that the S&P 

500 and the Stoxx 50 indices capture large caps, while the CRSP and the Stoxx 600 also 

comprise relatively small companies. Table 1 presents an overview of all variables, their 

abbreviation, and the data sources. Note that we cannot compute EQIS and SII for Europe 

because of the lack of data availability. 

The data basis for our insider trading measure are SEC Form 4 filings for the U.S. and 

insider transactions filed in all member countries of the Stoxx universe3 from January 2003 

until December 2017 from the 2iQ Research database. We use the reporting date of the insider 

transactions, not the transaction date, to ensure that the information of the transactions is 

actually available for outside investors. We focus on top-level insiders as in Sias and Whidbee 

(2010) and Ma et al. (2018) by excluding officers, large shareholders, and non-executive board 

members, for instance. Furthermore, we exclude transactions with incomplete information, 

OTC transactions, private transactions, SEC rule 10b-5 transactions (resembling future trading 

plans), transactions related to mergers, IPOs, margin calls, remuneration, debt redemption, if 

an insider sells her shares when she leaves the company, and transactions, which have been 

                                                           
2 The 6-month German Government Bill is the one with the shortest maturity available. 
3 The member countries of the Stoxx universe comprise Austria, Belgium, Czech Republic, Denmark, Finland, 

France, Germany, Ireland, Italy, Luxembourg, the Netherlands, Norway, Portugal, Spain, Sweden, Switzerland, 

and the United Kingdom. 
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reported after seven days.4 The resulting sample of insider transactions comprises 662,506 

transactions in the U.S. of which 22 percent are purchases. In Europe, our sample comprises 

149,352 transactions of which 55 percent are buy transactions. One reason for this divergence 

in the purchase-sales ratio are employee compensation packages, which are less popular in 

Europe. With respect to Europe, the relatively small number of transactions is why we refrain 

to run analyses on a single country level in Europe (see Table A1). 

We construct our equal weighted AIT measure at the end of each month 𝑡 

𝐴𝐼𝑇𝑡 =  ∑ 𝑃𝑚 + 𝑆𝑚𝑡
𝑚=𝑡−11 , (1) 

  

where purchase signals 𝑃𝑚 and sell signals 𝑆𝑚 equal one and minus one in month 𝑚, 

respectively. We aggregate insider trades over an annual horizon by summing up monthly 

aggregate net trading over twelve months on a rolling basis. This procedure helps avoiding 

biases from seasonal effects to be incorporated in our insider trading measure (Seyhun 1988).  

Figure 1 shows the time series of our AIT metric in the U.S. It is evident that U.S. insiders 

are contrarian investors because they sell before the stock market decays and purchase when 

stock prices are low. This behavior is particularly apparent when the 2007/08 financial crisis 

hits the market. In Figure A1, we also show AIT for Europe (EU-AIT), which we use for 

comparison purposes later in this study. Unlike its U.S. counterpart, EU-AIT does not exhibit 

a positive trend but rather remains on its post-crisis level. This difference is most likely due to 

turmoil in European markets, such as the 2009 sovereign debt crisis, the annexation of Crimea 

                                                           
4 In the U.S., the Sarbanes-Oxley Act (SOX) requires insider transactions to be reported within 48 hours. This 

requirement is different in Europe. For an example, in the United Kingdom insiders need to report their transaction 

within six days. In other European countries, rules were even less tight. In order to ensure that we use information 

conveyed to outsiders within a reasonable amount of time, we drop transactions where the difference between the 

reporting and the trading date is larger than seven days. 
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by the Russian Federation in 2014, and the efforts of the United Kingdom to leave the European 

Union.   

To put our findings into perspective we also report results for 16 commonly used 

predictors. These comprise the predictive variables from Goyal and Welch (2008), i.e., the 

book-to-market ratio, the corporate bond return, the dividend payout ratio, the default return 

spread, the default yield spread, the dividend price ratio, the dividend yield, the earnings price 

ratio, the relative equity issuing, the long term bond return and yield, the net equity expansion, 

the stock market variance, and the term spread. In addition, we compute the implied cost of 

capital which has substantial predictive power in the long run (Li et al. 2013). Finally, we also 

compute the short interest index (SII) for the U.S. (Rapach et al. 2016). Because short interest 

data is not publicly available in Europe, we report the results for the predictor only in the U.S. 

At the same time, the public availability of insider transactions across Europe is an advantage 

of using insider compared to short interest information. 

 

1.3 In-Sample Predictive Regressions 

The in-sample predictive regression is the standard tool for analyzing the predictive 

content of a variable for the equity premium. The common univariate predictive regression 

takes the following form: 

where 𝑟 𝑡+ℎ is the equity premium over the forecast horizon comprising the next h months, and 𝑋𝑡 is the value of the predictive variable at time t.  

The OLS estimation of the predictive regression in (2) is problematic for two reasons. First, if 

h exceeds one, the accumulation of the equity premium generates additional correlation and 

impacts the properties of the OLS estimator. Kostakis et al. (2015) show that the OLS estimate 

𝑟 𝑡+ℎ = 𝛼 + 𝛽 ∙ 𝑋𝑡 + 𝜀𝑡+ℎ, (2) 
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of 𝛽 is inconsistent for these long-horizon regressions. Second, Stambaugh (1999) notes that a 

finite sample and highly persistent regressors induce a bias in point estimates of the coefficients 

and inflate t-statistics. Valkanov (2003) and Boudoukh et al. (2008) find that this problem is 

particularly pronounced for long-horizon regressions. Amihud et al. (2004), Lewellen (2004), 

and Campbell and Yogo (2006) develop bias-reducing methods to alleviate this problem. 

However, Kostakis et al. (2015) note that these methods rely on local-to-unity processes and 

thus are not appropriate, if this condition is not met. 

Kostakis et al. (2015) resolve the inconsistency of OLS for long-horizon predictions by 

proposing the following modified OLS (mOLS) estimator: 

where 𝑛 is the sample size and 𝑛ℎ = 𝑛 − ℎ − 1. Furthermore, 𝑦𝑡(ℎ) = ∑ 𝑦𝑡+𝑖ℎ−1𝑖=0  and 𝑥𝑡−1(ℎ) = ∑ 𝑥𝑡+𝑖−1ℎ−1𝑖=0  are the dependent and independent variables of choice. Obviously, the 

mOLS estimator in (3) reduces to the usual OLS estimator, if ℎ = 1. While the proposed 

estimator is consistent, the distribution of the estimator does not follow a normal distribution, 

which prohibits statistical inference for the estimator. Kostakis et al. (2015) propose a 

modification of the consistent least squares estimator in (3) by substituting the regressor by a 

feasible instrument. The resulting extended instrument variable (IVX) estimator of 𝛽 is given 

by: 

where �̃�𝑡 = 𝑅𝑛𝑧 ⋅ �̃�𝑡−1 + Δ𝑥𝑡 is the instrument, which is constructed as an autoregressive 

process of order one. 𝑅𝑛𝑧 contains the estimates of an AR(1) regression of the original predictor 𝑥𝑡 and Δ𝑥𝑡 denotes the first difference of 𝑥𝑡. The estimator in (4) exhibits a small sample bias, 

�̂�𝑚𝑂𝐿𝑆 =  ∑ 𝑦𝑡(ℎ)𝑥𝑡−1′ ⋅ (∑ 𝑥𝑡−1(ℎ)𝑥𝑡−1′𝑛ℎ
𝑡=1 )−1𝑛ℎ

𝑡=1 , (3) 

�̂�𝐼𝑉𝑋 =  ∑ 𝑦𝑡(ℎ)�̃�𝑡−1′ ⋅ (∑ 𝑥𝑡−1(ℎ)�̃�𝑡−1′𝑛ℎ
𝑡=1 )−1𝑛ℎ

𝑡=1 , (4) 
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but the limiting distribution of the corresponding Wald statistic follows a Chi-square 

distribution, which allows inference on 𝛽. Because we use highly persistent and nearly 

integrated predictors, we estimate all in-sample regressions throughout the paper with the IVX 

methodology and the parameter choice of Kostakis et al. (2015).  

Table 2 reports the autocorrelation coefficients and p-values of the Augmented Dickey-

Fuller (ADF) and the Phillips-Perron test (PP) for the S&P 500. Examining the magnitude of 

autocorrelation coefficients, it is evident that the majority of variables exhibits a high degree 

of persistence. Additionally, the ADF and PP tests show that we cannot reject the null 

hypothesis of a unit root on conventional levels. 

 

1.3.1 U.S. Equity Premia 

We report the in-sample coefficient estimates for our AIT metric using equation (2) with 

monthly, quarterly, semi-annual, or annual forecast horizons for large (S&P 500) and small 

(CRSP) cap indices in Table 3. We differentiate by market capitalization because corporate 

insider information may be particularly insightful for smaller companies. This approach is 

taken because there is typically less public information available for smaller firms. Panel A 

reports results for the S&P 500. We observe that all coefficient estimates for AIT are positive, 

indicating that a rise in the number of purchasing corporate insiders is positively related with 

the equity premium in the next h months on average. The relation of AIT to the future equity 

premium becomes stronger with the forecast horizon. This finding is in line with the results 

obtained by Seyhun (1992). The increase in the magnitude of the coefficient estimate is also 

accompanied by a stronger statistical significance of the coefficient. 

Panel B of Table 3 reports the results for the value-weighted CRSP index (CRSP VW). 

We observe that AIT predicts the equity premium for all forecast horizons considered with all 
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coefficients being significant on the 1 percent level. Again, point estimates and the level of test 

statistics increase with the forecast horizon, suggesting AIT to be a particularly strong predictor 

in the long run. 

Examining other predictors in Table 3, we find NTIS and SII to be further predictors, 

which consistently predict equity premia in-sample. However, the size of the coefficients (in 

absolute terms) are smaller than the ones for AIT. Results for SII are in line with Rapach et al. 

(2016) and Han and Li (2017) and indicate that short-sellers are indeed informed investors. On 

the contrary, results for NTIS show that the predictive power of some variables is dependent 

on the period considered. Here, Ferreira and Santa-Clara (2011) find that NTIS does predict 

the equity premium whereas Han and Li (2017) find NTIS does not. 

Overall, we observe that there is no single predictor across both indices and all forecast 

horizons that is superior to AIT. Moreover, AIT exhibits the largest Wald statistics on average. 

This finding suggests that AIT conveys valuable information about the future equity premium 

compared to other predictors. We further verify this result in Section 5.1 using a forecast 

encompassing test. At last, we do not find any substantial difference between large and small 

caps, despite our prior that insider information may be particularly insightful for smaller 

companies. 

In terms of robustness, we further test whether including insiders with a lower firm-level 

rank (Table A2), the computation of AIT as aggregate net trading over aggregate total trading 

(Table A3), switching from value-weighted to equal-weighted equity premia (Table A4), and 

switching from an equal-weighted AIT to a transaction value-weighted AIT (Table A5), alters 

the predictive power of AIT. Our results show that AIT is a robust predictor of value and equal-

weighted premia and remains a significant predictor if computed using the transaction value. 

Only computing AIT as a ratio of aggregate net trading over aggregate total trading reduces the 
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significance of point estimates. One explanation for the weaker results yielded by the 

Lakonishok and Lee ratio is that it just captures the direction of trading but does not provide 

any information of the number of transactions executed. In sum, Tables A2 to A5 provide 

robust evidence of AIT being a suitable and valuable (in-sample) predictor of the equity 

premium. We will confirm this finding in an out-of-sample exercise in Section 4. 

 

1.3.2 U.S. Industry Equity Premia 

In this section, we take a granular look at the predictive content of AIT and investigate 

whether the predictive power of AIT is confined to subsegments of the market. Specifically, 

we analyze the predictive content of industry-specific AIT for the equity premium of U.S. 

industries. Throughout our analysis, we use the 10-industry market classification by Kenneth 

French and sort insider trades according to the corresponding SIC-code classification scheme.5 

Table 4 reports the in-sample predictive regression results. We observe across all 

industries that the impact of AIT on future equity premia increases with the forecast horizon. 

Further, we find that the industry-specific AITs significantly predict seven out of ten industry 

equity premia for all forecast horizons considered (non-durables, manufacturing, high tech, 

telecommunications, shops, health and other). The predictability of the industry equity premia 

of utilities and durables is limited to semi-annual and annual forecast horizons, whereas the 

premium of the energy industry shows no sign of predictability.  

We not only observe differences in the statistical significance of our results, but also in 

the economic significance. The magnitude of the coefficients varies for all forecast horizons 

dramatically across industries. For example, for the annual forecast horizon we find that the  

                                                           
5 The classification scheme is available from Kenneth French’s website: 
http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/ftp/Siccodes10.zip 
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coefficient for the telecom industry is nearly three times higher than for the utilities sector. The 

substantial differences signal that the relevance of private information differs substantially 

across industries.  

We investigate the apparently different values of aggregate private information by 

exploring potential differences in the information environment across industries. Following 

Chang et al. (2006) and Zhang (2006), we proxy the information environment by the analyst 

coverage of a company. Analysts gather and disseminate information about companies and 

should hence decrease the informational imbalance between corporate insiders and outside 

investors. Hence, we expect that industries with a lower or insignificant relationship to 

aggregate private information, as measured by AIT, tend to have a higher analyst coverage.  

We obtain firm specific analyst coverage from I/B/E/S and market capitalization from 

CRSP. We keep firms listed on NYSE, NASDAQ and AMEX and winsorize the market 

capitalization at the 1 percent tails. We identify differences in the average number of analysts 

per firm across industries by running the following pooled OLS regression: 

where 𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝑠𝑖,𝑡 are the number of analysts who cover firm 𝑖 in year 𝑡, 𝐼𝑛𝑑𝑖,𝑡,𝑠 is firm 𝑖’s industry 𝑠 in year 𝑡, 𝜂𝑡 are time fixed effects, and 𝑀𝐶𝐴𝑃𝑖,𝑡 is firm 𝑖’s market capitalization 

in year 𝑡. Note that we run a specification without intercept in order to facilitate the 

interpretation of the industry coefficients. 

We report the regression results for the industry controls in (5) in the last column of Table 

4. The results show that companies in the Energy sector have on average the highest analyst 

coverage and should hence have the lowest information asymmetry between corporate insiders 

and outside investors. For the telecom industry, we observe the second lowest value for analyst 

coverage, suggesting a higher degree of information asymmetry. Across the 10 industries, we 

𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝑠𝑖,𝑡 = 𝛽𝑠 ∑ 𝐼𝑛𝑑𝑖,𝑡,𝑠101 + 𝛿𝑖,𝑡𝑀𝐶𝐴𝑃𝑖,𝑡 + 𝜂𝑡 + 𝜀𝑖,𝑡,  (5) 
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observe a correlation between IVX point estimates and pooled OLS estimates of -32 percent if 

all forecast horizons are considered (-47 percent in case of an annual forecast horizon). This 

correlation confirms the notion that insider trading is more valuable, i.e. has a higher predictive 

power, in industries with a higher information asymmetry, i.e. a lower analyst coverage. It 

complements a recent study of Wu (2018) who shows in a causal analysis that insiders earn 

higher abnormal returns when analyst coverage decreases. 

 

1.3.3 European Equity Premia 

In this section, we explore whether the informational content of aggregate corporate 

insider trading for the equity premium extends to Europe. We limit our analysis to the European 

market as a whole because we have a relatively small number of transactions in the single 

countries within Europe (see Table A1). We do not investigate other countries or regions apart 

from Europe because we also encounter the problem of a relatively small number of 

transactions internationally. 

Table 5 shows in-sample regression results for the equity premia of the Stoxx 50 and 600, 

which comprise European large and small cap stocks, respectively.6 Panel A shows results for 

EU-AIT trying to predict European premia. We find that the regression coefficients have a 

negative sign and are statistically insignificant. The result is in sharp contrast to prior results in 

the U.S. and suggests that European insiders do not have predictive information for the equity 

premium in Europe. The lack of predictability is also in contrast to firm level evidence as 

provided by Aussenegg et al. (2017) and references therein.  

                                                           
6 Note that we compute the EU-AIT in the same way we compute its U.S. counterpart. Because we use the Stoxx 

universe, we include insider transactions reported in all countries comprised by the Stoxx universe (see Table A1). 
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We investigate several potential explanations for the lack of predictive power of 

European AIT. First, we examine whether transactions of European insiders are driven by 

personal liquidity needs or tax incentives. We follow Rozeff and Zaman (1988) and count only 

transactions for companies where we observe at least three insiders trading in the same 

direction with no other insider trading in the opposite direction. We report the corresponding 

results in Panel B of Table 5. We find that European AIT has a positive impact on future equity 

premia for all forecast horizons. Yet, this finding is statistically insignificant. 

A second explanation why European AIT is not informative for future equity premia 

could be founded in different insider regulations within the European Union. The European 

Union established first insider regulations in 2004 and amended it in 2013. One crucial 

difference between the regulation in the U.S. and European countries is the time until a 

transaction needs to be filed. For the U.S., the reporting requirement amounts to two business 

days, but is typically much more liberal in Europe. We examine whether a timelier reporting 

of the revelation of private information would increase the informational content of European 

AIT by artificially applying U.S. regulation to European markets. Hence, we assume that all 

insider transactions were reported within two business days as required by U.S. regulations. 

We construct the corresponding European AIT by considering all insider transactions that were 

executed two business days before the respective month end. We report the results for this 

counterfactual experiment in Panel C of Table 5. The results show that stricter regulatory 

requirements would not have helped to increase the informativeness of European AIT for future 

equity premia. 

Given the lack of European insiders ability to predict European equity premia, we analyze 

whether the informational content of U.S.-based AIT extends internationally. The investigation 

of cross-country predictability is in the spirit of Rapach et al. (2013) and Goh et al. (2013). 

Rapach et al. (2013) show that U.S. returns have predictive power for foreign stock returns, 



15 

 

because investors focus intently on the U.S. market. Goh et al. (2013) show that it is beneficial 

to use U.S.-based predictors to improve forecasts of the equity premium in China. We report 

the results for the prediction of European equity premia by U.S.-AIT in Panel D in Table 5. 

Our results show that U.S.-AIT is a significant predictor for the equity premium of European 

large and small caps. 

To put the performance of U.S.-AIT into perspective, we also report results for other U.S. 

and European predictors in Tables A7 and A8, respectively. We observe that only U.S.-AIT, 

the U.S. NTIS and the European CRPR have a statistically significant predictive power across 

all forecast horizons for European small and large caps.  

Taking the finding of Rapach et al. (2013) into account that news from lagged returns 

gradually diffuse to foreign markets, we rule out that missing information from lagged premia 

actually drive the cross-country evidence reported in Table 5. Thus, we regress the monthly 

premium of the Stoxx 50 on EU-AIT and U.S.-AIT, respectively, and include lagged premia 

of the S&P 500 and Stoxx 50 as controls. Table A6 reports the results and reveals that previous 

evidence of Table 5 remains unaltered. Columns (i) to (iii) show EU-AIT to remain negative 

and insignificant, regardless of whether the S&P 500, the Stoxx 50, or both premia are included 

as lagged controls. On the contrary, columns (iv) to (vi) show that the predictive power of AIT 

is not spurious evidence because the inclusion of the lagged premia does not quantitatively 

alter the magnitude of the point estimates and Wald statistics of U.S.-AIT. This evidence 

suggests that U.S.-AIT contains valuable information above and beyond the one comprised by 

the equity premium itself, which serves as the benchmark to beat. 
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1.4 Out-of-Sample Predictive Regressions 

We examine the performance of AIT in an out-of-sample setting by running recursive 

regressions according to (2) using the mOLS estimator in (3) to obtain consistent estimates of 

the regression coefficient. At the end of each month, we compute forecasts from the point 

estimates of the predictive model (2). The out-of-sample predictive power of an h-step ahead 

forecast is measured using the out-of-sample R² (𝑅𝑂𝑂𝑆2 ) proposed by Campbell and Thompson 

(2008) and is given by: 

𝑅𝑂𝑂𝑆2 = 1 − (∑ (𝑟𝑡+ℎ − �̂�𝑡+ℎ𝑇𝑡=1 )²∑ (𝑟𝑡+ℎ − �̅�𝑡+ℎ𝑇𝑡=1 )²), (6) 

where 𝑟𝑡+ℎis the realized value of the equity premium over the period from the end of time t to 

t+h, �̂�𝑡+ℎ is the equity premium forecast from the predictive regression at the end of t for the 

respective period, and �̅�𝑡+ℎ is the naïve forecast of the equity premium based on the historical 

mean using data until period 𝑡 for the period from 𝑡 to 𝑡 + ℎ. We use a training period ranging 

from January 2004 to December 2006. The 𝑅𝑂𝑂𝑆2  has a positive value if the mean squared 

prediction error (MSPE) of the predictive model is lower than the MSPE of the historical 

benchmark, reflecting a more accurate predictive model. To assess the statistical significance 

of the 𝑅𝑂𝑂𝑆2 , we employ the MSPE-adjusted test statistic developed by Clark and West (2007):  

𝑓𝑡+ℎ = (𝑟𝑡+ℎ −�̅�𝑡+ℎ)2 −  [(𝑟𝑡+ℎ −�̂�𝑡+ℎ)2 − (�̅�𝑡+ℎ − �̂�𝑡+ℎ)2]. (7) 

To obtain a p-value for the one-sided t-test that the MSPE of the predictive model is larger than 

the MSPE of the historical mean, we regress 𝑓𝑡+ℎ on a constant. Since we use the Clark and 

West (2007) statistic for inference, we employ the mOLS estimator as given in Kostakis et al. 

(2015). This estimator does not use the instrument �̃�𝑡, which just provides robust inference via 

the Wald statistic by transforming the predictor into a variable with a mixed-normal 

distribution. 
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1.4.1 U.S. Equity Premia 

Table 6 reports the 𝑅𝑂𝑂𝑆2  from forecasting monthly, quarterly, semi-annual, and annual 

equity premia with AIT over our out-of-sample period starting in January 2007 and ending in 

December 2017. Panel A reports results for the S&P 500 and Panel B reports results for CRSP 

VW. Examining results for the S&P 500, in the case of monthly forecasts only AIT and SII 

exhibit a positive 𝑅𝑂𝑂𝑆2 , i.e., outperform the historical mean. Again, this finding indicates that 

short-sellers and insiders are highly informed investors. Our results are in line with Rapach et 

al. (2016) and Cohen et al. (2007), showing that short sellers convey important information 

about equity premia. At the same time the 𝑅𝑂𝑂𝑆2  of AIT is more than twice as large than SII for 

monthly and quarterly forecast horizons making it the strongest predictor in the short run. It is 

intriguing to see that aside of AIT, there is just SII which significantly outperforms the 

historical mean. 

Turning to results reported for CRSP VW, we again find solely AIT and SII to be valuable 

out-of-sample predictors with AIT to be the strongest predictor by far. As stated in Section 3.3, 

in-sample predictive power does not necessarily translate into out-of-sample predictive power, 

the best in-sample predictor among the popular ones, NTIS, does not have any significant out-

of-sample predictive power. For robustness, we re-estimate Table 6 with equal-weighted 

premia and report results in Table A10, which confirms previous findings of AIT being the 

strongest predictor in the short run whereas SII is strongest in the long run. 

To show how AIT performs over time, we plot the cumulative relative sum of squared 

out-of-sample forecast errors in Figure 2 for monthly to annual forecast horizons. If the 

trajectory is below zero, the historical mean has a lower mean squared forecast error than the 

model incorporating AIT. It is evident that the predictive power of AIT is slightly diminished 

when the financial crisis hits the market but quickly recovers afterwards. This is an important 
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result because many studies find the power of predictors to be confined to recession periods 

(Henkel et al. 2011, Dangl and Halling 2012). 

At last, we apply the slope and sign restrictions outlined in Campbell and Thompson 

(2008). The slope restriction sets the point estimate in a predictive regression to zero if the sign 

of the estimate deviates from economic theory. The sign restriction sets the forecast to zero if 

the model predicts a negative equity premium. Put differently, if the predictor offers sensible 

forecasts for each out-of-sample prediction, corresponding AIT will not change. Examining 𝑅𝑂𝑂𝑆2  we find that AIT is the predictor with the least change implying that AIT provides the 

most reliable forecasts.  

In sum, an out-of-sample analysis confirms the predictive power of AIT documented by 

in-sample results in Section 3.1. Table 6 shows that AIT is the strongest predictor in the short 

run whereas SII is the strongest predictor in the long run. Here, the most important result is that 

these predictors work both in- and out-of-sample. While this an intriguing result, we provide 

an explanation for this finding in Section 5.3. 

 

1.4.2 U.S. Industry Equity Premia 

In this section, we test the out-of-sample predictive power of the ten industry-specific 

AITs to predict respective industry premia. Table 7 confirms findings from an in-sample 

analysis discussed in Section 3.2. We find positive and significant 𝑅𝑂𝑂𝑆2  for the vast majority 

of industries and forecast horizons considered. In particular, the magnitude of annual 𝑅𝑂𝑂𝑆2  is 

intriguing.  

 Likewise, in the in-sample analysis, we do not find clear evidence for durables and 

energy. In the case of durables the 𝑅𝑂𝑂𝑆2  turns from being negative to positive and significant 
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on the 5 percent level in case of an annual forecast horizon. In case of energy  𝑅𝑂𝑂𝑆2  are positive 

for quarterly, semi-annual, and annual forecast horizons, yet not significant on conventional 

levels. This finding corroborates our previously discussed evidence (last column of Table 4) 

that AIT does not have any predictive power in case of energy because of a low information 

asymmetry, i.e., high analyst coverage. 

An explanation for the lack of predictive power of the AIT for durables might be that 

roughly one third of insider transactions are executed in miscellaneous manufacturing 

industries, whose products are rather investment goods rather than consumer goods (e.g., motor 

vehicle parts). In this regard, it might not be surprising to find a significant 𝑅𝑂𝑂𝑆2  just for an 

annual forecast horizon. Examining results for the energy sector, we do not find any predictive 

power of the industry-specific AIT at all. At last, we find negative 𝑅𝑂𝑂𝑆2  for Other. Because 

this category comprises financial firms, this finding relates to the turmoil caused when the 

2007/08 financial crisis hit the market. Employing the Campbell sign restrictions in Table A11 

supports this notion. 𝑅𝑂𝑂𝑆2  do not change, again revealing the reliability of AIT-based forecasts, 

with the exception of other industries where 𝑅𝑂𝑂𝑆2  for monthly to semi-annual forecasts turn 

positive and significant. 

 

1.4.3 European Equity Premia  

In the spirit of Rapach et al. (2013), we investigate the out-of-sample predictive power 

of U.S. based variables for foreign markets. In addition, we check the predictive power of EU-

AIT for European premia. Table 8 shows that U.S.-AIT does not only predict premia on the 

Stoxx 50 and Stoxx 600 equally well, but the magnitude of 𝑅𝑂𝑂𝑆2  is close to the ones for 

predicting the CRSP VW.7 This finding sheds new light on the predictive power of AIT, 

                                                           
7 These results are robust to predicting equal-weighted premia (see Table A15). 
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specifically U.S.-AIT, and suggests that foreign investors seem to follow events occurring in 

U.S. markets. At the same time, results for EU-AIT indicate that aggregate European insider 

measures do not have predictive power for European equity premia. 

We further check whether other European (Table A13) and U.S. predictors (Table A14) 

have predictive power for European premia. We find the European LTY and TMS to 

outperform the historical mean for quarterly to annual forecast horizons. However, results for 

LTY are invalid because in-sample predictions (see Table 7) reveal that LTY is not 

significantly related to the respective equity premium. Therefore, one cannot rule out that 

results might be driven by noise (Goyal and Welch 2008). 

Examining results for U.S. predictors in Table A14, we find EQIS to outperform the 

historical mean for monthly to semi-annual horizons. Further, SII has predictive power in case 

of a semi-annual and annual horizon whereas it cannot outperform the historical mean in case 

of monthly and quarterly forecast horizons. However, there is, likewise in the analysis of U.S. 

premia, no predictor aside of AIT that exhibits a positive relationship between predictive power 

and forecast horizon and has a positive 𝑅𝑂𝑂𝑆2  across both markets. On a good note, employing 

the Campbell slope and sign restrictions as done in Table A9, we find that EU-AIT does have 

predictive power for monthly and quarterly forecast horizons (Table A12). Yet, since in-sample 

point estimates are not significant and 𝑅𝑂𝑂𝑆2  turn from negative to positively significant, it 

remains evident that EU-AIT is not a reliable predictor of the equity premium. 
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1.5 Informational Content of AIT 

1.5.1 Forecast Encompassing Tests 

Section 4.1 suggests that AIT has out-of-sample predictive power for major U.S. markets. 

It provides evidence that AIT has a higher forecast accuracy than the majority of predictors 

commonly considered in the literature. In this section, we employ the ENC-NEW forecast 

encompassing test proposed by Clark and McCracken (2001), which investigates whether AIT 

comprises at least as much information as established predictors. Clark and McCracken (2001) 

derive the ENC-NEW statistic from the forecast encompassing test developed by Harvey et al. 

(1998). This test allows for a non-standard distribution of the forecast errors and has a null 

hypothesis that the forecast yielded by a competing predictor encompasses the forecast yielded 

by AIT. The ENC-NEW test statistic is given by: 

𝐸𝑁𝐶 − 𝑁𝐸𝑊 = (𝑇 − ℎ + 1) ⋅ (𝑇 − ℎ + 1)−1 ⋅ ∑ 𝜀�̂�,𝑡+ℎ2 − 𝜀�̂�,𝑡+ℎ ⋅ 𝜀�̂�𝐼𝑇,𝑡+ℎ 𝑇𝑡=1(𝑇 − ℎ + 1)−1 ⋅ ∑ 𝜀�̂�𝐼𝑇,𝑡+ℎ2𝑇𝑡=1 , (8) 

where 𝜀�̂�,𝑡+ℎ and 𝜀�̂�𝐼𝑇,𝑡+ℎ are the out-of-sample forecast errors of predictor i and AIT, 

respectively. 

We examine ENC-NEW test statistics reported in Table 9. It seems that AIT contributes 

to the vast majority of forecast models tested, which is in line with our out-of-sample results 

presented in Table 6. We just find four specifications where AIT cannot encompass the 

information provided by the competing predictor, which is SII for semi-annual and annual 

forecasts. Put differently, 97 percent of all models considered could be improved by taking into 

account predictive information from AIT. 
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1.5.2 Source of the Predictive Power of AIT 

In this section, we turn our attention to one potential source of AIT’s predictive power: 

aggregate cash flow predictability. The insider literature suggests that insiders are able to 

predict cash flow realizations of “their” firm, on which they trade accordingly (Seyhun 1992, 

Piotroski and Roulstone 2005). On the aggregate level, this ability will eventually translate into 

a positive or negative signal to the stock market. Furthermore, if insiders are aware of an event 

that will affect the entire economy, they will be able to appraise the effect of that event on 

“their” firm more precisely than outsiders and may use that knowledge to trade ahead of the 

market. Thus, on the aggregate level, AIT will anticipate and gauge a change in macroeconomic 

conditions, resulting in a positive relationship between AIT and real economic activity. This 

relationship resembles Seyhun’s (1992) cash flow hypothesis. We test this hypothesis by 

running a predictive in-sample regression of aggregate dividend growth (e.g., Ang and Bekaert 

2007, Cochrane 2008, and Chen 2009), as well as two proxies of the real economy, namely 

industrial production (IP) growth and real GDP growth, on AIT. For AIT being a highly 

persistent variable, we again use the IVX methodology by Kostakis et al. (2015). 

Table 10 reports results for the U.S. and Europe. We find that AIT relates significantly 

positive with the aggregate cash flow proxy in the U.S. and Europe. This finding suggests that 

on average, insiders correctly anticipate cash flows. In the U.S., the point estimates for IP 

growth and GDP growth are consistent with the notion that AIT also anticipates changes 

affecting the real economy. Results for Europe show that coefficients for IP growth and GDP 

growth exhibit a negative sign suggesting that European insiders on average do not have 

valuable cash flow information readily available. We just find a positive albeit insignificant for 

dividend growth. The last column of Table 10 provides evidence that U.S.-AIT predicts EU 

dividend and IP growth whereas EU-AIT does not. In sum, Table 10 signifies that the predictive 

power of (U.S.-)AIT stems from insiders’ ability to predict aggregate cash flow realizations.  
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While results in Table 10 are unambiguous, it is surprising that European insider 

information on the market level does not have predictive power for the equity premium because 

studies on firm level insider trading show insiders to be able to earn abnormal returns.8 

Diametric evidence between firm and market level predictive power and earnings news is 

provided in Kothari et al. (2006) who find that the predictive power of earnings news is not 

present on firm-level yet on aggregate level. The authors show that firm-level cash flow news 

are blurred by discount rate news on aggregate level. Adapted to our findings, it means that 

insiders do have cash flow information regarding their own firm, yet the predictive power is 

just present if cash flow news are not diluted by discount rate news on aggregate level.  

To investigate whether cash flow news are diluted by discount rate news, we employ the 

Campbell and Shiller (1988) decomposition and predict the components of the equity premium 

as outlined in Rapach et al. (2016). Results are reported in Table A16. First, we confirm that 

the power of U.S.-AIT stems from their ability to gauge cash flow news. Second, EU-AIT is 

neither able to predict cash flow nor discount rate news, supporting the notion that European 

insiders on aggregate level might focus on actions in the U.S. which likely influence their own 

firms’ cash flows. Put differently, there is a chance that evidence of European insiders being 

able to yield abnormal returns via their “private” information is partially because they are able 

to process information originating in the U.S., which is relevant for their firms’ future cash 

flows, more efficient than outsider shareholders are. Therefore, it might be less surprising that 

results in Table A16 also show that U.S.-AIT predicts European cash flow news.9 Overall, the 

results suggest that U.S. insiders take advantage of their private information and thereby 

                                                           
8 Friederich et al. (2002) and Fidrmuc et al. (2006) for the United Kingdom, Eckbo and Smith (1998) for Norway, 

Kallunki et al. (2009) for Sweden, Cziraki et al. (2014) for the Netherlands, Del Brio et al. (2002) for Spain, Betzer 

and Theissen (2009) for Germany. 
9 We rule out that the majority of European insiders executes transactions because of liquidity needs or tax evasion 

by employing the Rozeff and Zaman (1988) filter. This filter requires that at least three insiders per firm trade 

each month and all insiders need to trade in the same direction. Results yielded with the Rozeff Zaman filter are 

available upon request. 
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anticipate changes in dividend growth and changes in real economic activity, while their 

European counterparts do not. 

 

1.5.3 AIT and Aggregate Short Selling 

In the forecast encompassing test (see Table 9, Panel A) we find that for semi-annual and 

annual forecast horizons, insider information does not add to a model using short-selling 

information for the S&P 500. Given that AIT and SII seem to be based on relevant cash-flow 

information (Rapach et al. (2016)), the question arises which type of informed investor – 

insider or short-seller – conveys the predictive information first. To shed light on this question, 

we run a Granger causality test using monthly data. Specifically, we use the approach proposed 

by Toda and Yamamoto (1995) because AIT and SII are highly persistent. We run a bivariate 

VAR(𝑘 + 𝑑) model, where 𝑑 is the maximum order of integration of AIT and SII. Using the 

Augmented-Dickey Fuller test, we find the order of integration to be one for both variables and 

hence set 𝑑 accordingly. After running a VAR(𝑘 + 1) model we test the significance of the 

first 𝑘 lags by using a joint Wald test, because the additional lag 𝑑 is only used to obtain an 

asymptotic Chi-squared distribution. 

Because the optimal lag length ranges from two to eleven according to the BIC and AIC 

criteria, we show the robustness of the Granger causing relation between AIT and SII by 

running VAR(𝑘 + 1) models for 𝑘 + 1 of two to thirteen and report results for the 𝑘 lags tested 

in Table 11. Joint Wald tests reveal that AIT Granger causes SII with a p-value of smaller than 

0.01 but SII does not Granger cause AIT. These tests suggest that on the aggregate level, short-

sellers seem to use inside information to improve their own predictions. This finding is in line 

with Purnanandam and Seyhun (2018) who show on the firm level that short-sellers add their 

information on top of insider information and lose money if they oppose insider sales. 



25 

 

1.6 Economic Value of AIT 

We furthermore evaluate the economic value of AIT in an asset allocation exercise. At 

the end of each month 𝑡, an investor with mean-variance preferences optimally allocates 

between equities and riskless government bills. The optimal allocation to equities is given by 

the weight: 

�̂�𝑡 = 1𝛾 ⋅ �̂�𝑡+1�̂�𝑡+12 , (9) 

which is obtained via maximizing the expected utility function. We set the risk aversion 

coefficient, 𝛾, to values of one, three, five, and seven. The investor employs the predictive 

regression in (2) to obtain estimates of the excess return, �̂�𝑡+1, and the variance, �̂�𝑡+12 , using 

discrete returns. The variance �̂�𝑡+12  is estimated using a ten year rolling window. We follow, 

for instance, Campbell and Thompson (2008) and restrict the allocation to equities to a 

minimum of zero and a maximum of 150 percent. The investor holds the portfolio weights 

fixed for one month and rebalances the allocation to equities and bills at the end of the next 

month. We reiterate this procedure over the entire out-of-sample period from January 2007 

until December 2017. The investor achieves a certainty equivalent return (CER) from the 

investment strategy of 

𝐶𝐸𝑅 = 𝜇 − 12 𝛾𝜎2, (10) 

where 𝜇 and 𝜎2 are the mean and the variance of the out-of-sample returns resulting from the 

portfolio strategy in the month following the portfolio formation. The CER is the required 

return such that the investor is indifferent between the risk-free rate and the risky investment 

strategy. 

We repeat the asset allocation exercise with the historical mean excess return and 

variance as estimates of �̂�𝑡+1 and �̂�𝑡+12  to determine �̂�𝑡. The CER of the out-of-sample returns 
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resulting from the portfolio strategy serves as a naïve benchmark. The difference between the 

two CERs, the CER gain, can be interpreted as the annual management fee that an investor 

would be willing to pay to have access to the predictive variable. 

We report the annualized CER gains in Table 12. We find that AIT provides positive 

CER gains across all markets. For monthly forecasts, an investor would be willing to pay an 

annual fee of up to 5.2 percent in case of the S&P 500 and up to 7.1 percent in case of the 

CRSP VW. The row labelled BUYHOLD reports the CER gain of an investor following a buy 

and hold strategy. This investor allocates her entire wealth to equities. We find that the buy and 

hold strategy delivers only for the value-weighted CRSP index a positive CER gain, which is 

well below the gain of AIT. For both, the S&P 500 and the value-weighted CRSP index no 

other predictor provides a higher CER gain than AIT. 

At last, we investigate whether outside investors would pay a management fee to obtain 

forecasts of the Stoxx 50 and Stoxx 600 equity premia based on U.S. predictors. Table A17 

reports corresponding CER gains. It is evident that outside investors would only pay a 

management fee if they were to obtain forecasts based on U.S.-AIT. There is no other predictor 

exhibiting a positive CER gain in case of a risk aversion coefficient larger than one. The 

positive CER gains for DE do not match the findings of Table A13, which reports negative 𝑅𝑂𝑂𝑆2  for both Stoxx indices. Overall, our results suggest that AIT is the only predictor, which 

outside investors would be willing to pay for regardless whether they want to invest in major 

U.S. or European markets. 
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1.7 Conclusion 

U.S. aggregate insider trading (AIT) predicts the equity premium in- and out-of-sample. 

We document the predictive power of AIT in the U.S. on the market and industry level. The 

predictive content of AIT on the industry level differs across industries and is stronger for 

industries with a higher information asymmetry. The informational content of U.S.-AIT 

extends to European markets and conveys predictive information for European large and small 

caps. Contrary to U.S. insiders, we do not find any predictive content of European AIT for 

European equity premia. We reject private trade motivations such as private liquidity needs or 

tax incentives as well as differences in the regulation across European countries as potential 

reasons for the lack of informational content of European AIT for European equity premia. The 

predictive power of U.S.-AIT translates into economic gains for mean-variance investors, 

underpinning that AIT is a relevant predictor of the equity premium from a statistical and 

economical point of view.  

The informational content of U.S.-AIT for equity premia seems to supersede the 

performance of established predictors in statistical and economic terms. We corroborate the 

predictive information of AIT using forecast encompassing tests. The tests reveal that AIT has 

additional information to the set of established predictors with one exception. AIT has no 

additional information to aggregate short selling for semi-annual and annual forecast horizons. 

However, investigating the relation between AIT and SII, we find that short sellers follow 

insiders on the aggregate level.  
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Figure 1: Time Series of U.S.-AIT 

This graph shows the time series of AIT in the U.S. over the entire sample from January 2004 until December 

2017. The shaded areas depict recessions according to the NBER. 
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Figure 2: Cumulative Out-of-Sample Squared Sum of Forecast Errors Differences 

This figure plots the cumulative out-of-sample squared sum of differences in forecast errors between the mean 

squared error of the historical mean and the mean squared error of the AIT-based forecast for forecast horizons, 

denoted by h, ranging from one month to twelve months. A trajectory above zero indicates that the mean squared 

error of the AIT-based forecast is lower than the mean squared error of the forecast based on the historical mean. 
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Table 1: Data descriptions 

This table reports the sources of the data used and a brief description of the variables. If there is just one source stated for U.S. or European indices, index specific time series 

are not available. Note “a” means: Since country-level indices are not available, we rely on a broad European index. Note, that we cannot compute EQIS for Europe because 

appropriate data for the Czech Republic, Denmark, Sweden and Switzerland are not available. We also cannot compute SII for Europe because short interest data is not publicly 

available for any European country. 

         

 

Predictor Abbreviation 
Data source 

Description 
  S&P 500 CRSP Stoxx 50 Stoxx 600 

1 book-to-market ratio BM A. Goyal Bloomberg reciprocal value of the price-book ratio 

2 corporate bond return CRPRa A. Goyal 

Datastream (BofA ML Euro 

Long-Term Corporate Return 

Index) 

log return of the total return index 

3 dividend payout DE A. Goyal Bloomberg 

log of a 12 month moving sum of dividends 

minus the log of a 12 month moving sum of 

earnings. 

4 default return spread DFRa A. Goyal 

Datastream (BofA ML Euro 

Long-Term Corporate & 

Government Indices) 

long-term corporate bond return minus long-term 

government bond return 

5 default yield spread DFYa A. Goyal 

Datastream (BofA ML BBB and 

AAA Euro Long-Term Corporate 

Yield Indices) 

spread between speculative grade and investment 

grade corporate bond yields 

6 dividend price ratio DP A. Goyal Bloomberg 
log of a 12 month moving sum of dividends paid 

on an index minus the log of stock prices 

7 dividend yield DY A. Goyal Bloomberg 
log of a 12 month moving sum of dividends paid 

on an index minus the log of lagged stock prices 

8 earnings price ratio EP A. Goyal Bloomberg 
log of a 12 month moving sum of earnings on an 

index minus the log of stock prices 

9 percent equity issuing EQIS 
J. Wurgler and Fed 

Bulletin 
- - 

ratio of gross share issues to total gross share and 

debt issues 

 

 



37 

 

Table 1 continued 

 

Predictor Abbreviation 
Data source 

Description 
  S&P 500 CRSP Stoxx 50 Stoxx 600 

10 implied cost of capital ICC Compustat, I/B/E/S Worldscope, I/B/E/S 

return on equity from the Gordon Growth model 

(Li et al. 2013). For Europe we chose data items 

as in Hou et al. (2011). 

11 
long term government 

bond return 
LTR A. Goyal 

Datastream (BofA ML Euro 

Long-Term Government Return 

Index) 

return on long-term government bonds 

12 
long term government 

bond yield 
LTY A. Goyal 

Datastream (BofA ML Euro 

Long-Term Government Yield 

Index) 

 

13 net equity expansion NTIS A. Goyal Datastream 

ratio of a 12 month moving sum of net equity 

issues by listed stocks to the total end-of-year 

market capitalization. 

14 short interest index SII Compustat, CRSP - - short interest index (Rapach et al. (2016) 

15 stock variance SVAR A. Goyal Datastream sum of squared daily returns of an index 

16 term spread TMS A. Goyal Datastream 
long-term government bond yield minus Treasury 

Bill 
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Table 2: Persistence and Stationarity 

The first four columns report the autocorrelation coefficients (AC) for the selected 16 predictive variables and our 

measure of AIT for the S&P 500 for lag i over the sample from January 2004 until December 2017. The last two 

columns show the p-values of the Augmented Dickey-Fuller test (ADF) and the p-values of the Philipps-Perron 

test (PP). For details regarding the predictors please refer to Table 1.  

                

 AC1 AC3 AC6 AC12   ADF PP 

AIT 0.992 0.959 0.877 0.663  0.911 0.751 

BM 0.864 0.612 0.287 0.083  0.013 0.007 

CRPR 0.075 -0.097 -0.046 -0.072  0.000 0.000 

DE 0.982 0.873 0.603 0.119  0.658 0.191 

DFR 0.025 -0.002 0.113 0.086  0.000 0.000 

DFY 0.960 0.788 0.491 0.090  0.416 0.103 

DP 0.953 0.830 0.591 0.218  0.228 0.114 

DY 0.953 0.827 0.580 0.217  0.244 0.123 

EP 0.974 0.845 0.551 0.087  0.548 0.141 

EQIS 0.497 0.268 0.324 0.163  0.000 0.000 

ICC 0.975 0.941 0.864 0.673  0.607 0.644 

LTR 0.009 0.123 -0.040 0.017  0.000 0.000 

LTY 0.963 0.901 0.805 0.693  0.459 0.483 

NTIS 0.968 0.872 0.707 0.244  0.503 0.307 

SII 0.982 0.940 0.879 0.777  0.963 0.942 

SVAR 0.725 0.316 0.161 0.033  0.000 0.000 

TMS 0.979 0.920 0.816 0.524   0.714 0.562 
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Table 3: In-Sample Regression Results for U.S. Equity Premia 

This table reports the IVX point estimates and the Wald statistics (in parenthesis) for the predictive regression 

model 𝑟𝑡+ℎ = 𝛼 + 𝛽𝐴𝐼𝑇𝑡 + 𝜀𝑡+ℎ, where 𝑟𝑡+ℎ is the equity premium and ℎ is the forecast horizon which equals 1, 

3, 6, and 12 months. The predictive variable, AIT, is standardized to have a mean of zero and standard deviation 

of unity. The regression coefficients are estimated over the entire sample from January 2004 until December 2017. 
Panel A reports results for the equity premium of the S&P 500. Panel B shows results for the equity premium of 

the value-weighted CRSP index (CRSP VW). Critical values for the Wald statistics at the 1%, 5%, and 10% 

significance levels are 6.64, 3.84, and 2.71, respectively. These levels are denoted by ***, **, and *. 

                    

 Panel A: S&P 500  Panel B: CRSP VW 

 h=1 h=3 h=6 h=12  h=1 h=3 h=6 h=12 

AIT 0.946*** 0.979*** 1.024*** 1.088***  0.875*** 0.903*** 0.936*** 0.981*** 

 (10.209) (10.883) (11.572) (11.719)  (8.056) (8.547) (8.903) (8.798) 

BM 0.051 0.432 1.109** 1.814**  0.101 0.533 1.187** 1.755** 

 (0.017) (1.008) (4.539) (4.62)  (0.060) (1.419) (4.796) (3.958) 

CRPR 0.743** 0.381 2.165*** 2.855**  0.830*** 0.497 2.419*** 2.947** 

 (6.304) (0.466) (7.305) (6.279)  (7.408) (0.747) (8.588) (6.293) 

DE 0.034 0.166 0.260 0.252  0.155 0.277 0.366 0.389 

 (0.012) (0.292) (0.64) (0.389)  (0.243) (0.766) (1.186) (0.87) 

DFR 0.462 1.142** 1.77*** 2.810**  0.496 1.134** 1.684** 2.681** 

 (2.390) (4.310) (6.748) (4.787)  (2.588) (3.983) (5.724) (4.082) 

DFY -0.461 -0.228 0.081 0.303  -0.301 -0.055 0.248 0.484 

 (2.318) (0.539) (0.056) (0.468)  (0.92) (0.029) (0.494) (1.11) 

DP -0.096 0.041 0.261 0.389  0.060 0.220 0.431 0.566 

 (0.042) (0.007) (0.241) (0.324)  (0.015) (0.191) (0.613) (0.638) 

DY 0.136 0.175 0.363 0.489  0.304 0.335 0.508 0.641 

 (0.109) (0.168) (0.615) (0.687)  (0.509) (0.578) (1.123) (1.099) 

EP -0.072 -0.198 -0.258 -0.214  -0.176 -0.286 -0.343 -0.342 

 (0.056) (0.419) (0.62) (0.268)  (0.320) (0.820) (1.030) (0.638) 

EQIS -1.030*** -1.246*** -1.493*** -0.538  -1.046*** -1.201*** -1.378*** -0.386 

 (12.230) (10.576) (10.107) (1.271)  (11.801) (9.192) (8.048) (0.612) 

ICC 0.302 0.305 0.431 0.567*  0.349 0.356 0.468 0.580* 

 (0.988) (0.998) (1.952) (3.125)  (1.238) (1.277) (2.155) (3.060) 

LTR 0.381 -0.432 0.497 0.715  0.438 -0.311 0.803 0.905 

 (1.609) (0.534) (0.340) (0.312)  (1.992) (0.258) (0.824) (0.462) 

LTY -0.638* -0.642* -0.735* -0.673  -0.609 -0.593 -0.661 -0.559 

 (3.068) (2.928) (3.512) (2.450)  (2.397) (2.142) (2.429) (1.452) 

NTIS 0.701** 0.806*** 0.812** 0.752**  0.664** 0.751** 0.745** 0.642 

 (5.281) (6.775) (6.353) (3.991)  (4.409) (5.487) (4.982) (2.709) 

SII -0.767** -0.885*** -0.936*** -0.887**  -0.662** -0.778** -0.815** -0.740** 

 (6.504) (8.120) (8.302) (6.138)  (4.479) (5.802) (5.818) (3.955) 

SVAR -1.049*** -1.002*** -0.377 0.119  -1.023*** -0.843** -0.120 0.395 

 (12.666) (8.121) (0.745) (0.039)  (11.218) (5.347) (0.070) (0.401) 

TMS -0.027 -0.021 0.132 0.407  -0.019 -0.013 0.136 0.401 

  (0.008) (0.004) (0.174) (1.473)   (0.004) (0.002) (0.174) (1.341) 
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Table 4: In-Sample Regression Results for U.S. Industry Premia 

This table reports the IVX point estimates and the Wald statistics (in parenthesis) for the predictive regression 

model 𝑟𝑡+ℎ,𝑖 = 𝛼 + 𝛽𝐴𝐼𝑇𝑡,𝑖 + 𝜀𝑡+ℎ,𝑖, where 𝑟𝑡+ℎ,𝑖  is the equity premium of industry 𝑖 and ℎ is the forecast horizon 

which equals 1, 3, 6, and 12 months. 𝐴𝐼𝑇𝑡,𝑖 is the industry-specific AIT and standardized to have a mean of zero 

and a standard deviation of unity. The industries are defined as classified by Kenneth French. Critical values for 

the Wald statistics at the 1%, 5%, and 10% significance levels are 6.64, 3.84, and 2.71, respectively. The last 

column, labelled “Analyst Coverage” reports results for the linear regression 𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝑠𝑖,𝑡 = 𝛽𝑠 ∑ 𝐼𝑛𝑑𝑖,𝑡,𝑠101 +𝛿𝑖,𝑡𝑀𝐶𝐴𝑃𝑖,𝑡 + 𝜂𝑡 + 𝜀𝑖,𝑡, where 𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝑠𝑖,𝑡 are the number of analysts who cover a firm 𝑖 in year 𝑡, 𝐼𝑛𝑑𝑖,𝑡,𝑠 is firm 𝑖’s industry 𝑠 in year 𝑡, 𝜂𝑡 are time fixed effects, and MCAPi,t is firm 𝑖’s market capitalization in year 𝑡, which is 

winsorized at its 1% tails. Standard errors are clustered at the firm level in this regression. For the entire table ***, 

**, * indicate significance at the 1%, 5% and 10% level and coefficients are estimated over the entire sample from 

January 2004 until December 2017.  

              

 h=1 h=3 h=6 h=12  Analyst Coverage 

Non-Durables 0.665** 0.679** 0.712*** 0.761***  1.993*** 

 (6.372) (6.560) (6.941) (6.988)  (0.258) 

Durables 0.375 0.548 0.844 1.644**  
2.343*** 

 (0.399) (0.830) (1.791) (4.733)  (0.338) 

Manufacturing 0.761** 0.879** 1.011** 1.129***  
2.458*** 

 (3.924) (5.194) (6.607) (7.229)  (0.166) 

Energy 0.624 0.639 0.590 0.597  4.116*** 

 (1.835) (1.878) (1.505) (1.302)  
(0.399) 

High Tech 1.011*** 1.106*** 1.218*** 1.421***  
3.784*** 

 (7.048) (8.322) (9.442) (9.720)  
(0.144) 

Telecom 0.949*** 1.051*** 1.305*** 1.960***  
1.413*** 

 (8.072) (9.767) (13.777) (20.257)  (0.298) 

Shops 0.985*** 0.906*** 0.862*** 0.759**  3.994*** 

 (10.327) (8.492) (7.293) (4.884)  (0.240) 

Health 1.000*** 0.911*** 0.883** 0.858**  2.606*** 

 (9.630) (7.167) (6.106) (5.389)  (0.139) 

Utilities 0.373 0.431 0.510* 0.665**  3.027*** 

 (1.695) (2.248) (3.077) (4.671)  (0.304) 

Other 0.907* 0.916* 0.964** 1.091**  1.132*** 

  (3.527) (3.685) (4.140) (4.860)   (0.069) 
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Table 5: In-Sample Regression Results for European Equity Premia  

This table reports the IVX point estimates and the Wald statistics (in parenthesis) for the predictive regression 

model 𝑟𝑡+ℎ,𝑐 = 𝛼 + 𝛽𝐴𝐼𝑇𝑡,𝑐 + 𝜀𝑡+ℎ,𝑐, where 𝑟𝑡+ℎ,𝑐 is the equity premium of index 𝑐 and ℎ is the forecast horizon 

which equals 1, 3, 6, and 12 months. The predictive variable, AIT, is standardized to have a mean of zero and 

standard deviation of unity. The regression coefficients are estimated over the entire sample from January 2004 

until December 2017.  Panel A shows whether EU-AIT predicts European premia whereas Panel B shows whether 

U.S.-AIT predicts European premia. Critical values for the Wald statistics at the 1%, 5%, and 10% significance 

levels are 6.64, 3.84, and 2.71, respectively. These levels are denoted by ***, **, and *. 

          

  Panel A: EU -> EU 

 h=1 h=3 h=6 h=12 

Stoxx 50 -0.360 -0.306 -0.208 0.023 
 (1.353) (0.973) (0.421) (0.004) 
     

Stoxx 600 -0.447 -0.385 -0.278 0.006 

  (1.957) (1.441) (0.702) (0.000) 

      

  Panel B: EU -> EU | Rozeff and Zaman (1988) 

 h=1 h=3 h=6 h=12 

Stoxx 50 0.058 0.129 0.245 0.034 
 (0.039) (0.171) (0.495) (0.005) 
     

Stoxx 600 0.062 0.143 0.263 0.100 

  (0.041) (0.197) (0.536) (0.040) 

      

  Panel C: EU -> EU | Regulation 

 h=1 h=3 h=6 h=12 

Stoxx 50 -0.467 -0.419 -0.316 -0.069 
 (2.280) (1.826) (0.968) (0.036) 
     

Stoxx 600 -0.562* -0.506 -0.393 -0.095 

  (3.093) (2.488) (1.405) (0.063) 

      

  Panel D: US -> EU 

 h=1 h=3 h=6 h=12 

Stoxx 50 0.791*** 0.832*** 0.876*** 0.907*** 
 (7.024) (7.734) (8.343) (8.033) 
     

Stoxx 600 0.838*** 0.889*** 0.939*** 0.988*** 

  (7.407) (8.307) (9.019) (8.953) 
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Table 6: Out-of-Sample Tests for U.S. Equity Premia 

This table reports the out-of-sample R² (𝑅𝑂𝑂𝑆2 ) obtained from a model 𝑟𝑡+ℎ = 𝛼 + 𝛽𝑋𝑡 + 𝜀𝑡+ℎ, where 𝑟𝑡+ℎ is the 

equity premium and ℎ is the forecast horizon which equals 1, 3, 6, and 12 months. 𝑋𝑡 is the predictor stated in the 

first column. A positive value of the 𝑅𝑂𝑂𝑆2  indicates that the variable stated in the first column outperforms the 

historical mean. The out-of-sample period starts in January 2007 and ends in December 2017. Panel A reports 

results for the equity premium of the S&P 500. Panel B reports results for the equity premium of value-weighted 

CRSP index (CRSP VW). For further details regarding the calculation of the variables, refer to Table 1. Inference 

is drawn using the MSPE-adj. t-statistic of Clark and West (2007). ***, **, and * indicate significance of the 𝑅𝑂𝑂𝑆2  

at the 1%, 5%, and 10% level, respectively. 

 
 Panel A: S&P 500  Panel B: CRSP VW 

 h=1 h=3 h=6 h=12  h=1 h=3 h=6 h=12 

AIT 4.015*** 9.205*** 9.116*** 11.087***  2.591** 7.751*** 7.841*** 10.388*** 

BM -3.782 0.287 7.687** -18.887  -3.580 0.643 7.648** -25.502 

CRPR -4.870 -22.864 -2.564 -177.44  -3.688 -24.56 -2.253 -179.59 

DE -15.276 -9.273 -15.396 -56.402  -15.028 -11.648 -17.301 -69.857 

DFR -7.616 -6.331 0.060 -6.716  -6.858 -6.444 -0.478 -7.787 

DFY -9.691 -2.021 -10.307 -8.698  -10.67 -4.389 -11.760 -9.258 

DP -9.654 -6.793 -9.649 -7.545  -9.421 -8.090 -10.631 -8.012 

DY -8.708 -7.917 -11.557 -7.138  -8.38 -9.263 -12.585 -7.695 

EP -14.527 -15.441 -22.534 -13.79  -14.23 -17.273 -23.749 -14.437 

EQIS 0.126 6.433 4.268 0.350  0.588 6.038 4.063 0.220 

ICC -3.605 -4.520 -3.848 0.150  -3.588 -4.756 -3.927 0.316 

LTR -1.972 -7.639 -4.926 -9.114  -1.625 -7.759 -4.811 -10.51 

LTY -2.171 0.839 0.408 -2.746  -3.132 -0.142 -0.733 -4.675 

NTIS -0.912 1.448 0.854 -0.173  -1.17 0.687 0.535 -0.322 

SII 1.210** 3.898* 17.423** 13.933***  0.270* 4.091* 17.237** 12.749*** 

SVAR -37.716 3.121 -11.057 -7.342  -35.163 1.066 -12.220 -8.843 

TMS -2.115 -2.196 -2.153 -0.197   -2.119 -2.245 -2.223 -0.123 
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Table 7: Out-of-Sample Tests for U.S. Industry Equity Premia 

This table reports the out-of-sample R² (𝑅𝑂𝑂𝑆2 ) obtained from a model 𝑟𝑡+ℎ,𝑖 = 𝛼 + 𝛽𝐴𝐼𝑇𝑡,𝑖 + 𝜀𝑡+ℎ,𝑖, where 𝑟𝑡+ℎ,𝑖  
is the equity premium of industry 𝑖 and ℎ is the forecast horizon which equals 1, 3, 6, and 12 months. 𝐴𝐼𝑇𝑡,𝑖 is the 

industry-specific AIT computed according to the industry classification defined by Kenneth French. The out-of-

sample period starts in January 2007 and ends in December 2017 and inference is drawn using the MSPE-adj. t-

statistic of Clark and West (2007). ***, **, and * indicate significance of the 𝑅𝑂𝑂𝑆2  at the 1%, 5%, and 10% level, 

respectively.  
          

 h=1 h=3 h=6 h=12 

Non-Durables 0.066* 4.268** 7.364*** 19.809*** 

Durables -2.979 -2.939 -2.081 3.375** 

Manufacturing 0.270 3.206** 5.534*** 12.535*** 

Energy -0.665 1.054 0.690 1.592 

High Tech 1.717** 4.604*** 6.769*** 12.347*** 

Telecom 4.018** 7.116*** 8.503*** 14.706*** 

Shops 2.646*** 15.960*** 19.221*** 25.131*** 

Health 0.747** 7.295*** 8.542*** 14.893*** 

Utilities 0.199 2.925** 4.374*** 6.992*** 

Other -5.458 -5.125 -8.992 -35.123 
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Table 8: Out-of-Sample Tests for European Equity Premia 

This table reports the out-of-sample R² (𝑅𝑂𝑂𝑆2 ) obtained from a model 𝑟𝑡+ℎ,𝑐 = 𝛼 + 𝛽𝐴𝐼𝑇𝑡,𝑐 + 𝜀𝑡+ℎ,𝑐, where 𝑟𝑡+ℎ,𝑐 

is the equity premium of index 𝑐 and ℎ is the forecast horizon which equals 1, 3, 6, and 12 months. Panel A shows 

whether EU-AIT predicts European premia whereas Panel B shows whether U.S.-AIT predicts European premia. 

Panel C reports results if U.S.-AIT is the predictor and European premia are equally weighted. Panel D reports 

results if EU-AIT is the predictor and European premia are equally weighted. The out-of-sample period starts in 

January 2007 and ends in December 2017 and inference is drawn using the MSPE-adj. t-statistic of Clark and 

West (2007). ***, **, and * indicate significance of the 𝑅𝑂𝑂𝑆2  at the 1%, 5%, and 10% level, respectively. 

 

Panel A: EU-AIT 

 h=1 h=3 h=6 h=12 

Stoxx 50 -4.000 -2.113 -6.230 -6.521 

Stoxx 600 -3.870 -1.609 -5.921 -6.363 

          

Panel B: U.S.-AIT 

 h=1 h=3 h=6 h=12 

Stoxx 50 2.120** 8.251*** 8.048*** 8.452*** 

Stoxx 600 2.599** 9.419*** 8.242*** 8.655*** 
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Table 9: Forecast Encompassing Tests 

This table reports the forecast encompassing test statistics for the ENC-NEW test of Clark and McCracken (2001).  

The test investigates whether AIT comprises at least as much information as established predictors. The null 

hypothesis of the test states that the forecast yielded by a competing predictor encompasses the forecast yielded 

by AIT. A significant test statistic indicates that AIT, the omitted variable in this table, comprises at least as much 

information as the predictor stated in the first column. The ENC-NEW tests comprise forecasts ranging from 

January 2007 until December 2017. Critical values are 0.954 (1% level), 0.520 (5% level) and 0.335 (10% level), 

while anything below 0.335 is considered insignificant. The first four columns report results for the equity 

premium of the S&P 500 while the last four columns report results for the equity premium of the value-weighted 

CRSP index (CRSP VW). For further details regarding the calculation of the variables, refer to Table 1. 

                    

 Panel A: S&P 500  PANEL B: CRSP VW 

  h=1 h=3 h=6 h=12  h=1 h=3 h=6 h=12 

BM 11.744 7.999 2.379 31.449  10.179 6.740 1.718 35.216 

CRPR 17.235 32.520 11.176 174.288  16.008 33.125 10.899 174.770 

DE 41.042 22.864 19.758 45.570  37.286 22.507 19.682 55.857 

DFR 16.305 16.063 11.588 15.161  14.610 14.881 10.325 16.761 

DFY 30.119 14.444 14.939 11.046  28.604 14.499 14.825 11.049 

DP 26.625 15.828 13.551 10.228  24.288 15.138 13.099 10.071 

DY 23.468 17.252 15.133 10.086  20.706 16.457 14.677 9.979 

EP 39.483 27.934 24.819 14.296  35.359 27.211 24.251 14.145 

EQIS 22.014 8.352 5.408 6.470  20.316 7.529 4.585 6.178 

ICC 13.291 12.015 9.000 5.952  11.297 10.697 8.053 5.459 

LTR 11.182 15.597 10.802 12.914  9.987 14.148 10.423 13.429 

LTY 8.744 7.588 6.316 7.928  7.503 6.818 6.049 8.472 

NTIS 10.848 7.422 5.967 6.095  9.462 6.685 5.257 5.785 

SII 3.735 4.463 -2.362 -0.889  3.008 3.300 -2.985 -0.690 

SVAR 76.677 19.591 20.870 12.618  71.927 17.718 19.544 13.015 

TMS 12.410 10.146 7.834 6.092   10.687 8.850 6.931 5.654 
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Table 10: Regression Results for the Predictive Power of AIT 

This table reports the IVX point estimates and the Wald statistics (in parenthesis) of a model 𝑌𝑡+ℎ = 𝛼 + 𝛽𝐴𝐼𝑇𝑡 +𝜀𝑡+ℎ. Y is either the annual dividend growth, annual industrial production (IP) growth, or annual GDP growth. 

AIT is our measure of aggregate insider trading. For the annually compounded dividend growth on monthly 

frequency, the underlying indices are the S&P 500 and the Stoxx 50, respectively. In the first two columns labelled 

“U.S.” and “EU”, we investigate whether U.S.- and EU-AIT are significantly related to U.S. and EU cash flow 

proxies, respectively. In the last column, we investigate whether U.S.-AIT is significantly related to European 

cash flow proxies. We use annually compounded U.S. industrial production (monthly frequency) and GDP growth 

(quarterly frequency) from the FRED database. Further, we use the annually compounded EU 19 GDP growth 

and the EU 19 industrial production growth on quarterly frequency for Europe, which we also obtain from the 

FRED database. We estimate the regression coefficients over the entire sample period from January 2004 until 

December 2017. For comparability, we standardize both sides of the equation to have a mean of zero and a 

standard deviation of unity. Critical values for the Wald statistics at the 1%, 5%, and 10% significance levels are 

6.64, 3.84, and 2.71, respectively. These levels are denoted by ***, **, and *. 

 

        

  U.S. EU U.S. -> EU 

Dividend Growth 0.580*** 0.144 0.585*** 

 (36.509) (2.056) (41.419) 

 
   

IP Growth 0.135* -0.381*** 0.285** 

 (2.986) (7.982) (4.280) 

 
   

GDP Growth 0.325** -0.564*** 0.178 

  (5.913) (20.78) (1.578) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



47 

 

Table 11: Granger-Causality of AIT and SII 

This table reports results from a bivariate VAR(𝑘 + 𝑑) model with AIT and SII as dependent variables and 𝑑 is 

the maximum order of integration of AIT and SII, which is one in this case. We jointly test 𝑘 lags whether SII 

(AIT) Granger causes AIT (SII)  in column 1 (column 2) according to Toda and Yamamoto (1995). A significant 

p-value indicates that the null hypothesis of Granger non-causality can be rejected. The optimal lag length 𝑘 is 

two (eleven) according to the BIC (AIC) criterion. To show robustness, we test all possible VAR models with 𝑘 + 1 lags ranging from two to thirteen and accordingly test 𝑘 lags ranging from one to twelve.  

      

Toda Yamamoto (1995) tests 

 p-values 

lags tested SII -> AIT AIT -> SII 

1 0.102 0.008 

2 0.407 0.001 

3 0.350 0.001 

4 0.455 0.002 

5 0.155 0.001 

6 0.194 0.000 

7 0.249 0.000 

8 0.296 0.000 

9 0.224 0.000 

10 0.215 0.000 

11 0.171 0.000 

12 0.145 0.000 
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Table 12: Certainty Equivalent Return Gains 

This table reports the annualized certainty equivalent return (CER) gains in percent for an investor with mean-

variance preferences over our out-of-sample period starting in January 2007 and ending in December 2017. The 

CER gain is the difference between the CER resulting from the one-step ahead equity premium forecast using the 

variable in the first column and the CER obtained from the historical mean. To determine the equity weights we 

estimate the variance using a ten-year rolling window. The investor allocates between equities and riskless 

government bills on a monthly basis. The allocation to equities is capped at a minimum of zero and a maximum 

of 150 percent, and the risk aversion coefficient 𝛾 is set to one, three, five, and seven. The buy and hold strategy 

corresponds to investing 100 percent in the respective index. Panel A reports results for the equity premium of the 

S&P 500. Panel B reports results for the equity premium of the value-weighted CRSP index (CRSP VW). For 

further details regarding the calculation of the variables, refer to Table 1. 

 

  Panel A: S&P 500   Panel B: CRSP VW 

 γ=3 γ=5 γ=7  γ=3 γ=5 γ=7 

AIT 5.229 5.215 4.174  6.420 7.132 5.083 

BM -2.856 -1.511 -1.076  -3.100 -1.159 -0.034 

BUYHOLD -1.620 -1.521 -2.535  0.460 1.413 0.313 

CRPR -2.343 -1.739 -1.173  -2.143 -0.720 0.120 

DE -0.498 -0.416 -0.447  2.444 2.448 2.100 

DFR -4.036 -3.340 -3.032  -1.434 -0.945 -1.775 

DFY -2.009 -2.087 -1.709  -0.507 -0.257 -0.761 

DP -3.266 -2.981 -2.469  0.168 -0.045 -0.686 

DY -2.259 -2.561 -1.972  1.004 -0.041 -0.487 

EP -0.308 -0.353 0.160  2.774 3.486 3.622 

EQIS -0.112 -1.460 -0.678  0.214 0.492 0.434 

ICC -1.408 -1.234 -0.745  1.866 0.442 0.289 

LTR -4.156 -2.421 -2.733  -4.578 -3.598 -2.637 

LTY 0.946 1.963 1.394  0.699 1.377 0.751 

NTIS -1.996 -2.140 -1.961  0.132 0.363 0.313 

SII 3.277 3.338 2.789  2.493 2.299 1.952 

SVAR 0.350 -0.061 -0.152  0.320 0.039 0.110 

TMS -2.115 -1.444 -1.027   -1.660 -0.737 -0.258 
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Appendix 

Figure A1: European AIT 

 
This graph shows the time series of AIT in Europe over the entire sample from January 2004 until December 

2017. The shaded areas depict recessions according to the NBER. 
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Figure A2: Plots of U.S. Predictors 

This table reports the graphical representation of U.S predictors as outlined in Table 1. 
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Figure A3: Plots of Industry-specific AIT 

This table reports industry-specific AIT. Industries are defined as stated by Kenneth French on his website. 

Shaded areas depict a recession according to the NBER. 
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Table A1: Country-wise Descriptive AIT Statistics 

This table reports descriptive statistics AIT for each country comprised in this study. EU is the equal-weighted 

sum of transactions executed in all countries covered in the Stoxx universe, i.e. all countries covered in this table 

except the U.S. “Transaction/Month” shows the mean and median number of transactions per month in a given 
country and “AIT” reports the descriptive statistics of each country-AIT where AIT is defined as annual aggregate 

net trading. 

                

 Transactions/Month  AIT 

Country Mean Median  Mean Std. Dev. Min Max 

AT 10 7  37 45 -29 170 

BE 16 13  -14 64 -170 148 

CH 89 88  -445 322 -921 46 

CZ 2 2  -1 5 -7 27 

DE 81 64  367 427 -350 1714 

DK 19 18  64 63 -30 199 

ES 42 34  276 257 -12 956 

FI 24 19  6 21 -16 139 

FR 99 86  -56 337 -865 574 

GB 176 167  -300 327 -1274 57 

IE 31 16  592 874 -412 3609 

IT 106 90  16 35 -107 82 

LU 8 5  -365 657 -2243 170 

NL 48 26  134 78 0 357 

NO 20 19  451 684 -133 2725 

PT 66 19  56 205 -21 1065 

SE 60 4   1 746 -2521 1550 

EU 897 675  820 2710 -4732 6918 

US 3469 2519   -25696 27695 -100227 5553 
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Table A2: In-Sample Regression Results for U.S. Equity Premia by Insider Level 

This table reports the IVX point estimates and the Wald statistics (in parenthesis) for the predictive regression 

model 𝑟𝑡+ℎ = 𝛼 + 𝛽𝑋𝑡 + 𝜀𝑡+ℎ, where 𝑟𝑡+ℎ is the equity premium and ℎ is the forecast horizon which equals 1, 3, 

6, and 12 months. 𝑋𝑡 is standardized to have a mean of zero and a standard deviation of unity. It is AIT either 

comprising transactions executed by top level (Top), top and middle level (Middle) or by all insiders trading who 

are required to report their transactions (All). Top level insiders are defined as chairman of the board, CEO, CFO, 

president and alike. Middle level insiders are defined as director, vice president, CIO, CTO, officers, general 

managers and alike. The regression coefficients are estimated over the entire sample from January 2004 until 

December 2017.  Panel A reports results for the equity premium of the S&P 500. Panel B reports results for the 

equity premium of the value-weighted CRSP index (CRSP VW). Critical values for the Wald statistics at the 1%, 

5%, and 10% significance levels are 6.64, 3.84, and 2.71, respectively. These levels are denoted by ***, **, and 

*. 

                    

 Panel A: S&P 500  Panel B: CRSP VW 

 h=1 h=3 h=6 h=12  h=1 h=3 h=6 h=12 

Top 0.946*** 0.979*** 1.024*** 1.088***  0.875*** 0.903*** 0.936*** 0.981*** 

 (10.209) (10.883) (11.572) (11.719)  (8.056) (8.547) (8.930) (8.798) 

          

          

Middle 0.917*** 0.940*** 0.972*** 1.027***  0.851*** 0.868*** 0.889*** 0.926*** 

 (9.584) (10.02) (10.449) (10.538)  (7.620) (7.893) (8.068) (7.915) 

          

          

All 0.812*** 0.837*** 0.885*** 0.991***  0.761** 0.779** 0.813** 0.902*** 

  (7.334) (7.758) (8.398) (9.416)   (5.970) (6.224) (6.566) (7.229) 
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Table A3: In-Sample Regression Results for U.S. Premia with the Lakonishok and Lee (2001) 

AIT-Ratio 

This table reports the IVX point estimates and the Wald statistics (in parenthesis) for the predictive regression 

model 𝑟𝑡+ℎ = 𝛼 + 𝛽𝑋𝑡 + 𝜀𝑡+ℎ, where 𝑟𝑡+ℎ is the equity premium and ℎ is the forecast horizon which equals 1, 3, 

6, and 12 months. The predictive variable, 𝑋𝑡, is standardized to have a mean of zero and standard deviation of 

unity. 𝑋𝑡 is as net trading over total trading (ratio). The regression coefficients are estimated over the entire sample 

from January 2004 until December 2017. Panel A reports results for the equity premium of the S&P 500. Panel B 

shows results for the equity premium of the value-weighted CRSP index (CRSP VW). Critical values for the Wald 

statistics at the 1%, 5%, and 10% significance levels are 6.64, 3.84, and 2.71, respectively. These levels are denoted 

by ***, **, and *. 

Panel A: S&P 500 

h=1 h=3 h=6 h=12 

0.640* 0.623* 0.616* 0.691* 

(3.730) (3.421) (3.153) (3.128) 

 
   

Panel B: CRSP VW 

h=1 h=3 h=6 h=12 

0.580* 0.567 0.56 0.628 

(2.864) (2.637) (2.425) (2.412) 
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Table A4: In-Sample Regression Results for Equal-Weighted U.S. Equity Premia  

This table reports the IVX point estimates and the Wald statistics (in parenthesis) for the predictive regression 

model 𝑟𝑡+ℎ = 𝛼 + 𝛽𝐴𝐼𝑇𝑡 + 𝜀𝑡+ℎ, where 𝑟𝑡+ℎ is the equity premium and ℎ is the forecast horizon which equals 1, 

3, 6, and 12 months. The predictive variable, AIT, is standardized to have a mean of zero and standard deviation 

of unity. The regression coefficients are estimated over the entire sample from January 2004 until December 2017. 
Panel A reports results for the equity premium of the equal-weighted S&P 500 (S&P 500 EW). Panel B shows 

results for the equity premium of the equal-weighted CRSP index (CRSP EW). Critical values for the Wald 

statistics at the 1%, 5%, and 10% significance levels are 6.64, 3.84, and 2.71, respectively. These levels are denoted 

by ***, **, and *.  

                    

 Panel A: S&P 500 EW  Panel B: CRSP EW 

 h=1 h=3 h=6 h=12  h=1 h=3 h=6 h=12 

AIT 1.059*** 1.093*** 1.126*** 1.15***  1.055*** 1.062*** 1.049*** 0.99** 

 (9.141) (9.682) (9.990) (9.348)  (8.341) (8.421) (7.980) (6.376) 

BM 0.115 0.640 1.380** 2.015**  0.139 0.782 1.551** 1.944* 

 (0.062) (1.62) (5.172) (4.258)  (0.082) (2.219) (5.987) (3.612) 

CRPR 1.022*** 0.481 2.872*** 3.431***  1.282*** 0.867 3.502*** 3.459** 

 (8.704) (0.541) (9.381) (6.614)  (13.028) (1.675) (13.248) (6.378) 

DE 0.292 0.425 0.530 0.577  0.702* 0.810** 0.898** 0.994** 

 (0.665) (1.387) (1.925) (1.482)  (3.647) (4.776) (5.232) (4.166) 

DFR 0.549 1.402** 2.041** 3.295**  0.764** 1.616** 2.038** 2.736* 

 (2.434) (4.675) (6.457) (4.74)  (4.422) (5.826) (6.034) (3.063) 

DFY -0.263 0.027 0.401 0.703  0.212 0.551 0.937** 1.269** 

 (0.54) (0.006) (0.988) (1.802)  (0.325) (2.081) (5.008) (5.439) 

DP 0.146 0.357 0.623 0.792  0.529 0.872 1.160* 1.337 

 (0.07) (0.385) (0.99) (0.967)  (0.874) (2.207) (3.289) (2.651) 

DY 0.469 0.485 0.709 0.878  0.940* 1.013* 1.219** 1.368* 

 (0.923) (0.919) (1.659) (1.559)  (3.437) (3.718) (4.537) (3.481) 

EP -0.322 -0.432 -0.498 -0.523  -0.72** -0.767** -0.813** -0.908* 

 (0.823) (1.448) (1.677) (1.154)  (3.908) (4.314) (4.222) (3.301) 

EQIS -1.223*** -1.342*** -1.468*** -0.302  -1.084*** -1.120** -1.156** 0.167 

 (12.45) (8.855) (7.044) (0.289)  (8.912) (5.631) (3.986) (0.080) 

ICC 0.509 0.511 0.645* 0.758**  0.694* 0.728** 0.827** 0.878** 

 (2.035) (2.029) (3.175) (4.04)  (3.541) (3.852) (4.878) (5.072) 

LTR 0.579 -0.518 0.918 0.921  0.678* -0.284 1.499 1.377 

 (2.693) (0.553) (0.832) (0.369)  (3.43) (0.153) (2.029) (0.742) 

LTY -0.709 -0.680 -0.779 -0.673  -0.707 -0.654 -0.724 -0.543 

 (2.459) (2.132) (2.55) (1.587)  (1.948) (1.568) (1.747) (0.823) 

NTIS 0.767** 0.872** 0.837** 0.695  0.644* 0.666* 0.604 0.321 

 (4.507) (5.66) (4.812) (2.433)  (2.895) (3.014) (2.291) (0.474) 

SII -0.783** -0.924** -0.955** -0.86**  -0.662* -0.792** -0.781* -0.604 

 (4.815) (6.304) (6.146) (4.106)  (3.167) (4.25) (3.781) (1.864) 

SVAR -1.165*** -0.937** 0.020 0.626  -1.067*** -0.477 0.702 1.483** 

 (11.176) (5.083) (0.002) (0.772)  (8.588) (1.205) (1.696) (3.99) 

TMS 0.088 0.101 0.281 0.576  0.169 0.205 0.384 0.666 

  (0.06) (0.077) (0.571) (2.123)   (0.204) (0.293) (0.988) (2.642) 
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Table A5: In-Sample Regression Results for U.S. Equity Premia with Equal and Value-

weighted AIT 

This table reports the IVX point estimates and the Wald statistics (in parenthesis) for the predictive regression 

model 𝑟𝑡+ℎ = 𝛼 + 𝛽𝑋𝑡 + 𝜀𝑡+ℎ, where 𝑟𝑡+ℎ is the equity premium and ℎ is the forecast horizon which equals 1, 3, 

6, and 12 months. The predictive variable, 𝑋𝑡, is standardized to have a mean of zero and standard deviation of 

unity. The regression coefficients are estimated over the entire sample from January 2004 until December 2017.  𝑋𝑡 is AIT either computed by weighting transactions equally (as throughout the paper if not stated otherwise) or 

weighted by transaction value. Panel A reports results for the equity premium of the S&P 500. Panel B reports 

results for the equity premium of the value-weighted CRSP index (CRSP VW). Critical values for the Wald 

statistics at the 1%, 5%, and 10% significance levels are 6.64, 3.84, and 2.71, respectively. These levels are denoted 

by ***, **, and *. 
 

 

 Panel A: S&P 500 

  h=1 h=3 h=6 h=12 

Equal Weights 0.936*** 0.969*** 1.013*** 1.077*** 

 (10.209) (10.883) (11.572) (11.719) 

 
    

 
    

Value Weights 0.614** 0.584* 0.617* 0.787** 

  (3.918) (3.465) (3.596) (5.292) 

          

  Panel B: CRSP VW 

  h=1 h=3 h=6 h=12 

Equal Weights 0.866*** 0.894*** 0.927*** 0.971*** 

 (8.056) (8.547) (8.930) (8.798) 

 
    

 
    

Value Weights 0.600* 0.561* 0.578* 0.727** 

  (3.484) (2.977) (2.940) (4.201) 

 

 

 

 

 

 

 

 



57 

 

Table A6: Predictive Power of AIT and Lagged Premia 

This table reports the IVX point estimates and the Wald statistics (in parenthesis) for one step ahead regressions. 

All variables are standardized to have a mean of zero and a standard deviation of unity. The regression coefficients 

are estimated over the entire sample from January 2004 until December 2017. Critical values for the Wald statistics 

at the 1%, 5%, and 10% significance levels are 6.64, 3.84, and 2.71, respectively. These levels are denoted by ***, 

**, and *. 

              

 (i) (ii) (iii) (iv) (v) (vi) 

EU-AIT -0.237 -0.258 -0.236    
 (0.615) (0.695) (0.598)    

U.S.-AIT    0.651** 0.699** 0.651** 

    (4.561) (5.300) (4.483) 

SPX 0.905***  0.869 0.649**  0.605 

 (7.460)  (2.701) (3.857)  (1.332) 

Stoxx 50  0.763** 0.047  0.540* 0.058 

    (5.432) (0.009)   (2.759) (0.014) 
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Table A7: In-Sample Regression Results for European Equity Premia with European Equity 

Premium Predictors 

This table reports the IVX point estimates and the Wald statistics (in parenthesis) for the predictive regression 

model 𝑟𝑡+ℎ = 𝛼 + 𝛽𝑋𝑡,𝐸𝑈 + 𝜀𝑡+ℎ, where 𝑟𝑡+ℎ is the equity premium and ℎ is the forecast horizon which equals 1, 

3, 6, and 12 months. 𝑋𝑡 is the predictor as indicated in the first column and standardized to have a mean of zero 

and a standard deviation of unity. The regression coefficients are estimated over the entire sample from January 

2004 until December 2017. Panel A shows whether EU-based variables predict the equity premium on the Stoxx 

50. Panel B shows whether EU-based variables predict the equity premium on the Stoxx 600. Critical values for 

the Wald statistics at the 1%, 5%, and 10% significance levels are 6.64, 3.84, and 2.71, respectively. These levels 

are denoted by ***, **, and *. 

                    

 Panel A: Stoxx 50  Panel B: Stoxx 600 

 h=1 h=3 h=6 h=12  h=1 h=3 h=6 h=12 

AIT -0.360 -0.306 -0.208 0.023  -0.447 -0.385 -0.278 0.006 

 (1.353) (0.973) (0.421) (0.004)  (1.957) (1.441) (0.702) (0.000) 

BM 0.021 0.165 0.332 0.434  0.149 0.296 0.495 0.639 

 (0.003) (0.18) (0.673) (0.964)  (0.164) (0.619) (1.599) (2.198) 

CRPR 0.623** 0.885* 1.790** 2.998***  0.766** 0.988* 1.913*** 3.357*** 

 (4.23) (2.896) (6.473) (6.636)  (6.075) (3.445) (7.075) (8.013) 

DE -0.409 -0.435 -0.506 -0.520  -0.529* -0.516 -0.596* -0.677* 

 (1.816) (1.979) (2.463) (2.044)  (2.931) (2.708) (3.349) (3.328) 

DFR 0.012 1.150** 1.382** 0.790  0.055 1.101** 1.306* 0.882 

 (0.001) (4.601) (4.244) (0.675)  (0.031) (3.936) (3.529) (0.773) 

DFY 0.286 0.319 0.549 0.770*  0.302 0.335 0.569 0.838* 

 (0.846) (0.973) (2.425) (2.761)  (0.877) (0.997) (2.419) (3.019) 

DP -0.271 -0.125 0.070 0.250  -0.352 -0.147 0.131 0.428 

 (0.263) (0.052) (0.014) (0.116)  (0.606) (0.100) (0.068) (0.488) 

DY -0.050 -0.013 0.167 0.316  -0.115 -0.010 0.251 0.519 

 (0.011) (0.001) (0.092) (0.226)  (0.071) (0.000) (0.273) (0.797) 

EP -0.551* -0.512 -0.499 -0.454  -0.747** -0.650** -0.638* -0.666* 

 (3.169) (2.643) (2.345) (1.654)  (5.729) (4.132) (3.536) (2.748) 

EQIS - - - -  - - - - 

 - - - -  - - - - 

ICC 0.521* 0.622** 0.774** 0.897***  0.479 0.624** 0.822** 0.938*** 

 (2.891) (3.990) (5.880) (6.962)  (2.354) (3.894) (6.472) (7.603) 

LTR 0.523* 0.131 0.944 2.568**  0.618** 0.259 1.134 2.878** 

 (3.038) (0.060) (1.555) (4.966)  (3.995) (0.221) (2.103) (5.830) 

LTY -0.505* -0.461 -0.483 -0.310  -0.561* -0.507 -0.531 -0.350 

 (2.784) (2.146) (2.136) (0.673)  (3.190) (2.416) (2.406) (0.804) 

NTIS -0.856*** -0.890*** -0.711** -0.244  -0.616** -0.560* -0.285 0.127 

 (7.628) (8.060) (4.851) (0.445)  (3.886) (3.048) (0.727) (0.112) 

SVAR -0.702** -0.962** -0.708 -0.086  -0.732** -0.901** -0.579 -0.081 

 (5.449) (5.856) (1.912) (0.016)  (5.409) (4.898) (1.238) (0.014) 

TMS -0.498* -0.451 -0.472 -0.298  -0.554* -0.497 -0.520 -0.338 

  (2.71) (2.061) (2.045) (0.625)   (3.113) (2.324) (2.308) (0.749) 
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Table A8: In-Sample Regression Results for European Equity Premia with U.S. Equity 

Premium Predictors 

This table reports the IVX point estimates and the Wald statistics (in parenthesis) for the predictive regression 

model 𝑟𝑡+ℎ = 𝛼 + 𝛽𝑋𝑡,𝑈𝑆 + 𝜀𝑡+ℎ, where 𝑟𝑡+ℎ is the equity premium and ℎ is the forecast horizon which equals 1, 

3, 6, and 12 months. 𝑋𝑡 is the predictor as indicated in the first column and standardized to have a mean of zero 

and a standard deviation of unity. The regression coefficients are estimated over the entire sample from January 

2004 until December 2017. Panel A shows whether U.S.-based variables predict the equity premium on the Stoxx 

50. Panel B shows whether U.S.-based variables predict the equity premium on the Stoxx 600. Critical values for 

the Wald statistics at the 1%, 5%, and 10% significance levels are 6.64, 3.84, and 2.71, respectively. These levels 

are denoted by ***, **, and *. 

                    

  Panel A: Stoxx 50  Panel B: Stoxx 600 

 h=1 h=3 h=6 h=12  h=1 h=3 h=6 h=12 

AIT 0.791*** 0.832*** 0.876*** 0.907***  0.838*** 0.889*** 0.939*** 0.988*** 

 (7.024) (7.734) (8.343) (8.033)  (7.407) (8.307) (9.019) (8.953) 

BM 0.030 0.521 1.095** 1.852**  0.086 0.594 1.195** 1.934** 

 (0.006) (1.605) (5.013) (5.956)  (0.047) (1.949) (5.554) (6.018) 

CRPR 0.671** 0.281 1.886** 3.149***  0.787*** 0.422 2.148*** 3.367*** 

 (5.121) (0.253) (5.520) (7.604)  (6.671) (0.538) (6.763) (8.204) 

DE 0.080 0.206 0.300 0.303  0.056 0.179 0.279 0.334 

 (0.069) (0.451) (0.849) (0.563)  (0.032) (0.317) (0.689) (0.642) 

DFR 0.228 0.913* 1.672** 2.271*  0.356 1.045* 1.769** 2.678** 

 (0.578) (2.728) (5.961) (3.098)  (1.328) (3.365) (6.28) (4.054) 

DFY -0.448 -0.248 0.040 0.196  -0.435 -0.229 0.038 0.203 

 (2.197) (0.64) (0.014) (0.197)  (1.933) (0.510) (0.011) (0.197) 

DP -0.180 0.007 0.233 0.357  -0.208 -0.004 0.233 0.379 

 (0.164) (0.000) (0.218) (0.316)  (0.197) (0.000) (0.194) (0.313) 

DY 0.118 0.144 0.330 0.426  0.106 0.139 0.332 0.456 

 (0.084) (0.117) (0.524) (0.542)  (0.062) (0.099) (0.478) (0.554) 

EP -0.155 -0.259 -0.317 -0.292  -0.133 -0.227 -0.290 -0.327 

 (0.263) (0.719) (0.939) (0.500)  (0.183) (0.519) (0.738) (0.587) 

EQIS -1.027*** -1.243*** -1.590*** -0.748  -1.092*** -1.328*** -1.662*** -0.767 

 (12.240) (10.590) (11.536) (2.476)  (13.019) (11.380) (11.849) (2.445) 

ICC 0.100 0.129 0.264 0.407  0.076 0.116 0.265 0.423 

 (0.107) (0.178) (0.73) (1.593)  (0.058) (0.135) (0.684) (1.612) 

LTR 0.466 -0.369 0.323 1.421  0.490 -0.322 0.482 1.328 

 (2.427) (0.392) (0.145) (1.238)  (2.508) (0.279) (0.298) (0.993) 

LTY -0.512 -0.447 -0.559 -0.468  -0.534 -0.468 -0.576 -0.487 

 (1.856) (1.335) (1.902) (1.113)  (1.735) (1.255) (1.736) (1.037) 

NTIS 0.787*** 0.857*** 0.804** 0.763**  0.887*** 0.944*** 0.908*** 0.849** 

 (6.730) (7.767) (6.32) (4.164)  (8.072) (8.897) (7.594) (4.86) 

SII -0.538* -0.684** -0.753** -0.695*  -0.580* -0.735** -0.797** -0.740** 

 (3.162) (4.802) (5.310) (3.723)  (3.440) (5.184) (5.564) (3.956) 

SVAR -0.827*** -0.909** -0.407 0.191  -0.899*** -0.917** -0.367 0.167 

 (7.725) (6.544) (0.850) (0.098)  (8.570) (6.256) (0.649) (0.07) 

TMS -0.258 -0.215 -0.046 0.274  -0.303 -0.258 -0.082 0.263 

  (0.708) (0.481) (0.021) (0.663)   (0.914) (0.647) (0.063) (0.572) 
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Table A9: Out-of-Sample Tests of U.S. Equity Premia Prediction with Campbell and 

Thompson (2008) Restrictions 

This table reports the out-of-sample R² (𝑅𝑂𝑂𝑆2 ) obtained from a model 𝑟𝑡+ℎ = 𝛼 + 𝛽𝑋𝑡 + 𝜀𝑡+ℎ, where 𝑟𝑡+ℎ is the 

equity premium and ℎ is the forecast horizon which equals 1, 3, 6, and 12 months. 𝑋𝑡 is the predictor stated in the 

first column. A positive value of the 𝑅𝑂𝑂𝑆2  indicates that the variable stated in the first column outperforms the 

historical mean. The out-of-sample period starts in January 2007 and ends in December 2017. Panel A reports 

results for the equity premium of the S&P 500. Panel B reports results for the equity premium of value-weighted 

CRSP index (CRSP VW). For further details regarding the calculation of the variables, refer to Table 1. Inference 

is drawn using the MSPE-adj. t-statistic of Clark and West (2007). ***, **, and * indicate significance of the 𝑅𝑂𝑂𝑆2  

at the 1%, 5%, and 10% level, respectively. We apply the Campbell sign restriction and forecast restriction of 

Campbell and Thompson (2008). If the sign of a coefficient is not according to economic theory, i.e. the point 

estimate of AIT is negative, it is set to zero subsequently. Further, if the predicted equity premium is negative the 

forecast is set to zero. 

                    
 Panel A - S&P 500  Panel A - CRSP VW 

 h=1 h=3 h=6 h=12  h=1 h=3 h=6 h=12 

AIT 4.565*** 10.167*** 11.227*** 11.648*** 
 2.881** 8.181*** 9.38*** 10.741*** 

BM 3.131* 4.547** 13.149*** -65.988*** 
 2.181* 3.902* 11.958*** -81.248*** 

CRPR -0.230 -4.747 9.812*** 3.077*** 
 0.075* -5.639 9.327*** 1.149** 

DE 1.737*** 25.463*** 21.387*** -33.876 
 1.532** 20.273** 17.16*** -51.328 

DFR 0.192 7.747** 14.476** 18.916*** 
 0.991 6.697** 11.751** 18.294** 

DFY -13.74 -4.844 2.812 4.895** 
 -13.803 -3.748 2.204 2.744 

DP -211.48* -20.75* 13.924* 4.658*** 
 -212.02* -32.959* 8.761* 0.908 

DY -206.44* -45.367* 13.98** 5.519*** 
 -188.52* -59.171* 8.623* 2.391** 

EP 24.662** 13.279** 3.886* 0.907 
 23.771*** 9.156** -0.750 -5.574 

EQIS -6.027 2.237 4.889** 4.071** 
 -7.387 0.684 2.646 1.940 

ICC -8.406 2.394 5.674** 5.615*** 
 -6.965 3.646 5.319** 2.894*** 

LTR 1.314 2.326 3.862** 4.380** 
 1.082 0.467 2.985** 0.995 

LTY 14.11** 23.106** 28.439*** 24.452*** 
 7.895** 12.485** 19.702*** 17.710** 

NTIS 8.151** 8.306** 7.552*** 5.404*** 
 7.042** 6.403** 5.694*** 2.424** 

SII 4.474*** 5.550** 18.614** 15.520*** 
 2.908** 5.731** 18.886** 14.765*** 

SVAR 1.383* -1.308 -3.576 -3.014 
 0.656 -2.008 -4.026 -6.919 

TMS -0.350 1.862 4.560** 5.170***   -0.332 1.663 2.730* 2.081** 
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Table A10: Out-of-Sample Predictability of Equal-weighted U.S. Equity Premia 

This table reports the out-of-sample R² (𝑅𝑂𝑂𝑆2 ) obtained from a model 𝑟𝑡+ℎ = 𝛼 + 𝛽𝑋𝑡 + 𝜀𝑡+ℎ, where 𝑟𝑡+ℎ is the 

equity premium and ℎ is the forecast horizon which equals 1, 3, 6, and 12 months. 𝑋𝑡 is the predictor stated in the 

first column. A positive value of the 𝑅𝑂𝑂𝑆2  indicates that the variable stated in the first column outperforms the 

historical mean. The out-of-sample period starts in January 2007 and ends in December 2017. Panel A reports 

results for the equity premium of the equal-weighted S&P 500 (S&P 500 EW). Panel B reports results for the 

equity premium of equal-weighted CRSP index (CRSP EW). For further details regarding the calculation of the 

variables, refer to Table 1. Inference is drawn using the MSPE-adj. t-statistic of Clark and West (2007). ***, **, 

and * indicate significance of the 𝑅𝑂𝑂𝑆2  at the 1%, 5%, and 10% level, respectively. 

 

 Panel A: S&P 500 EW  Panel B: CRSP EW 

 h=1 h=3 h=6 h=12  h=1 h=3 h=6 h=12 

AIT 3.466*** 9.484*** 9.283*** 11.63***  2.993** 8.986*** 7.695*** 9.87*** 

BM -3.381 0.741 7.170* -28.284  -3.100 1.440 7.293** -46.785 

CRPR -3.716 -28.328 -1.943 -153.86  1.608** -27.042 -0.795 -62.519 

DE -16.423 -13.837 -19.73 -144.65  -14.123 -15.197 -21.258 -212.78 

DFR -8.817 -5.558 -0.672 -14.465  -4.655 -2.141 0.195 -50.913 

DFY -12.056 -5.203 -12.01 -10.758  -12.531 -8.491 -14.829 -14.316 

DP -10.500 -8.276 -10.252 -8.397  -8.694 -9.019 -11.549 -9.978 

DY -9.315 -9.716 -12.406 -8.463  -6.656 -10.703 -13.570 -10.351 

EP -15.45 -18.702 -23.954 -13.253  -13.564 -19.778 -24.644 -9.977 

EQIS -0.973 4.367 2.683 -1.873  -0.428 3.667 3.626 -1.755 

ICC -3.656 -4.793 -3.553 1.315**  -2.729 -4.242 -2.838 3.178** 

LTR -1.219 -8.065 -4.581 -11.018  -0.951 -6.393 -3.420 -15.618 

LTY -3.438 -0.404 -0.852 -4.806  -4.132 -1.291 -2.553 -6.784 

NTIS -1.046 1.166 1.071 0.232  -1.595 -0.068 0.431 -0.965 

SII 0.341* 5.988** 19.153** 13.053**  0.604* 8.266** 18.448* 10.664* 

SVAR -46.731 -0.095 -13.061 -10.08  -28.186 -6.582 -19.777 -15.755 

TMS -2.237 -2.406 -2.102 0.406   -2.135 -2.298 -1.967 1.159* 
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Table A11: Out-of-Sample Test of U.S. Industry Equity Premia with Campbell (2008) 

Restrictions 

This table reports the out-of-sample R² (𝑅𝑂𝑂𝑆2 ) obtained from a model 𝑟𝑡+ℎ,𝑖 = 𝛼 + 𝛽𝐴𝐼𝑇𝑡,𝑖 + 𝜀𝑡+ℎ,𝑖, where 𝑟𝑡+ℎ,𝑖  
is the equity premium of industry 𝑖 and ℎ is the forecast horizon which equals 1, 3, 6, and 12 months. 𝐴𝐼𝑇𝑡,𝑖 is the 

industry-specific AIT. The industries are defined as classified by Kenneth French. Inference is drawn using the 

MSPE-adj. t-statistic of Clark and West (2007). ***, **, and * indicate significance of the 𝑅𝑂𝑂𝑆2  at the 1%, 5%, 

and 10% level, respectively. We apply the Campbell sign restriction and forecast restriction of Campbell and 

Thompson (2008). If the sign of a coefficient is not according to economic theory, i.e. the point estimate of AIT is 

negative, it is set to zero subsequently. Further, if the predicted equity premium is negative the forecast is set to 

zero. 

          

  h=1 h=3 h=6 h=12 

Non-Durables 5.365*** 6.13*** 7.364*** 19.808*** 

Durables 7.735*** 9.719** 11.75** 24.112*** 

Manufacturing 1.456** 4.642** 5.752*** 12.534*** 

Energy 0.184 1.048 0.690 1.591 

High Tech 4.811*** 7.673*** 8.29*** 12.347*** 

Telecom 5.074** 7.579*** 9.236*** 15.735*** 

Shops 3.95*** 16.16*** 19.351*** 25.351*** 

Health 1.374*** 8.722*** 10.455*** 16.043*** 

Utilities 0.209 2.925** 4.374*** 6.992*** 

Other 17.851** 17.572*** 7.244* -16.58** 
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Table A12: Out-of-Sample Test of European Equity Premia with EU and U.S.-AIT and  

Campbell and Thompson (2008) Restrictions 

 

This table reports the out-of-sample R² (𝑅𝑂𝑂𝑆2 ) obtained from a model 𝑟𝑡+ℎ,𝑐 = 𝛼 + 𝛽𝐴𝐼𝑇𝑡,𝑐 + 𝜀𝑡+ℎ,𝑐, where 𝑟𝑡+ℎ,𝑐 

is the equity premium of index 𝑐 and ℎ is the forecast horizon which equals 1, 3, 6, and 12 months. The arrow 

indicates which AIT (left side) is supposed to predict what premium (right side). Panels A and B show whether 

EU-AIT predicts European premia whereas Panels C and D show whether U.S.-AIT predicts European premia. 

Inference is drawn using the MSPE-adj. t-statistic of Clark and West (2007). ***, **, and * indicate significance 

of the 𝑅𝑂𝑂𝑆2  at the 1%, 5%, and 10% level, respectively. We apply the Campbell sign restriction and forecast 

restriction of Campbell and Thompson (2008). If the sign of a coefficient is not according to economic theory, i.e. 

the point estimate of AIT is negative, it is set to zero subsequently. Further, if the predicted equity premium is 

negative the forecast is set to zero. 

        

Panel A: EU -> Stoxx 50 

h=1 h=3 h=6 h=12 

3.741** 4.147** 2.266 -2.298 

        

Panel B: EU -> Stoxx 600 

h=1 h=3 h=6 h=12 

3.661** 3.413*** 1.060 -3.623 

        

Panel C: US -> Stoxx 50 

h=1 h=3 h=6 h=12 

3.999** 8.854*** 10.116*** 8.721*** 

        

Panel D: US -> Stoxx 600 

h=1 h=3 h=6 h=12 

4.033*** 10.353*** 10.500*** 9.142*** 
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Table A13: Out-of-Sample Tests of European Equity Premia using European Predictors 

This table reports the out-of-sample R² (𝑅𝑂𝑂𝑆2 ) obtained from a model 𝑟𝑡+ℎ,𝐸𝑈 = 𝛼 + 𝛽𝑋𝑡,𝐸𝑈 + 𝜀𝑡+ℎ,𝐸𝑈, where 𝑟𝑡+ℎ,𝐸𝑈 is a European equity premium and ℎ is the forecast horizon which equals 1, 3, 6, and 12 months. 𝑋𝑡,𝐸𝑈 is a 

European predictor as stated in the first column. A positive value of the 𝑅𝑂𝑂𝑆2  indicates that the variable stated in 

the first column outperforms the historical mean. The out-of-sample period starts in January 2007 and ends in 

December 2017. Panel A shows results for the Stoxx 50. Panel B shows results for the Stoxx 600. For further 

details regarding the calculation of the variables, refer to Table 1. Inference is drawn using the MSPE-adj. t-statistic 

of Clark and West (2007). ***, **, and * indicate significance of the 𝑅𝑂𝑂𝑆2  at the 1%, 5%, and 10% level, 

respectively. 

 

 Panel A: Stoxx 50  Panel B: Stoxx 600 

 h=1 h=3 h=6 h=12  h=1 h=3 h=6 h=12 

AIT -4.003 -2.113 -6.23 -7.086  -3.871 -1.609 -5.921 -6.932 

BM -8.411 -5.534 -11.786 -35.164  -6.931 -5.376 -9.013 -4.645 

CRPR -0.497* 2.399* 4.297** 6.776***  0.659** 2.998* 4.491*** 6.87*** 

DE -3.377 -3.001 -3.316 2.248***  -2.876 -2.433 -2.138 5.198*** 

DFR -10.256 -8.133 2.234 -10.334  -10.823 -9.159 1.326 -13.45 

DFY -4.6 -6.173 -1.258 2.323  -4.248 -5.037 -1.801 1.319 

DP -7.021 -2.081 -2.175 -3.905  -7.322 -1.461 -6.328 -3386.6 

DY -7.143 -2.653 -2.896 -3.833  -8.501 -2.58 -6.853 -3668.5 

EP -0.638 1.721 0.758 -0.012  1.825** 4.641** 3.267** 5.279** 

EQIS - - - -  - - - - 

ICC -1.427 -0.091 5.034** 9.795***  -1.736 -0.437 4.316** 8.641*** 

LTR -1.220* -2.062 -0.454 -0.274**  -0.367** -1.837 -0.324 -0.181** 

LTY -1.772** 4.902** 5.756*** 2.342**  -1.665*** 5.854** 6.309*** 3.11** 

NTIS 0.057 3.116 -1.907 -11.06  -2.593 1.521 -2.005 -6.721 

SVAR -14.965 5.168 -2.951 -19.57  -14.387 5.143 -2.804 -13.458 

TMS -1.800** 4.575** 5.38*** 1.979*   -1.699*** 5.489** 5.923*** 2.729** 
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Table A14: Out-of-Sample Tests of European Equity Premia using U.S. Predictors 

This table reports the out-of-sample R² (𝑅𝑂𝑂𝑆2 ) obtained from a model 𝑟𝑡+ℎ,𝐸𝑈 = 𝛼 + 𝛽𝑋𝑡,𝑈.𝑆: + 𝜀𝑡+ℎ,𝐸𝑈, where 𝑟𝑡+ℎ,𝐸𝑈 is a European equity premium and ℎ is the forecast horizon which equals 1, 3, 6, and 12 months. 𝑋𝑡,𝑈.𝑆. is 

a U.S. predictor as stated in the first column. A positive value of the 𝑅𝑂𝑂𝑆2  indicates that the variable stated in the 

first column outperforms the historical mean. The out-of-sample period starts in January 2007 and ends in 

December 2017. Panel A shows results for the Stoxx 50. Panel B shows results for the Stoxx 600. For further 

details regarding the calculation of the variables, refer to Table 1. Inference is drawn using a MSPE-adj. t-statistic. 

***, **, and * indicate significance of the 𝑅𝑂𝑂𝑆2  at the 1%, 5%, and 10% level, respectively. 

 

 Panel A: Stoxx 50  Panel B: Stoxx 600 

 h=1 h=3 h=6 h=12  h=1 h=3 h=6 h=12 

AIT 2.12** 8.251*** 8.048*** 8.452***  2.599** 9.419*** 8.242*** 8.655*** 

BM -1.162 -0.806 1.582** -0.363  -1.51 -0.886 1.729** -0.344 

CRPR -3.311 -19.52 -2.870 -308.91  -2.638 -22.325 -3.575 -298.81 

DE -15.53 -6.053 -14.314 -324.22  -16.606 -5.767 -14.359 -315.06 

DFR -6.18 -5.630 -4.104 -60.719  -5.274 -3.626 -3.659 -56.13 

DFY -8.222 2.514 -5.038 -6.750  -9.301 1.448 -6.591 -6.370 

DP -7.110 -3.420 -6.857 -6.777  -7.312 -3.351 -7.649 -6.939 

DY -7.919 -5.017 -9.031 -7.124  -8.518 -5.422 -9.848 -7.093 

EP -14.335 -12.406 -20.217 -10.440  -16.244 -13.095 -20.134 -10.722 

EQIS 1.185* 10.156* 8.674* 2.874  1.248* 10.509* 8.541* 3.525 

ICC -3.541 -4.353 -4.158 0.275  -3.786 -4.296 -4.151 -0.024 

LTR -3.081 -6.490 -3.868 -6.177  -2.709 -6.140 -4.075 -6.454 

LTY -3.515 -1.850 -2.502 -5.550  -3.526 -1.796 -2.880 -6.017 

NTIS -0.083 4.666 3.766 2.865  0.826 5.375 3.910 2.818 

SII -1.259 0.478 16.643** 7.862**  -2.519 0.797 15.43** 8.611** 

SVAR -14.784 -1.976 -17.812 -9.710  -21.349 -6.580 -20.734 -10.366 

TMS -1.485 -1.676 -2.165 -0.317   -1.497 -1.574 -2.207 -0.480 
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Table A15: Out-of-Sample Predictability of Equal-weighted European Equity Premia with EU 

and U.S.-AIT 

 

This table reports the out-of-sample R² (𝑅𝑂𝑂𝑆2 ) obtained from a model 𝑟𝑡+ℎ,𝑐 = 𝛼 + 𝛽𝐴𝐼𝑇𝑡,𝑐 + 𝜀𝑡+ℎ,𝑐, where 𝑟𝑡+ℎ,𝑐 

is the equal-weighted equity premium of index 𝑐 and ℎ is the forecast horizon which equals 1, 3, 6, and 12 months. 

The arrow indicates which AIT (left side) is supposed to predict what premium (right side). Panel A shows whether 

EU-AIT predicts European premia whereas Panel B shows whether U.S.-AIT predicts European premia. Inference 

is drawn using the MSPE-adj. t-statistic of Clark and West (2007). ***, **, and * indicate significance of the 𝑅𝑂𝑂𝑆2  

at the 1%, 5%, and 10% level, respectively. 

          

Panel A: EU -> EU 

 h=1 h=3 h=6 h=12 

Stoxx 50 EW -3.411 -0.427 -4.204 -3.984 

     

Stoxx 600 EW -4.586 -2.396 -6.388 -5.567 

     

     

Panel B: US -> EU 

 h=1 h=3 h=6 h=12 

Stoxx 50 EW 0.617* 5.335** 4.282** 3.671*** 

     

Stoxx 600 EW 4.050*** 11.597*** 8.861*** 9.389*** 
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Table A16: Cash Flow and Discount Rate News Decomposition 

This table reports results of a predictive regression of cash flow (CF) and discount rate (DR) news on AIT in the 

U.S. (S&P 500) and Europe (Stoxx 50). We decompose monthly equity premia into a CF, DR and expected return 

(ER) component as outlined in Campbell and Shiller (1988). Components are derived from a trivariate VAR(1) 

model which comprises the monthly equity premium, the dividend price ratio and the respective predictor in the 

first column. The table reports point estimates of a IVX estimation 𝑍𝑡+1 = 𝛼 + 𝛽𝑍𝑋𝑡 + 𝜀𝑡+1, where 𝑍𝑡+1 is either 

the CF, DR or ER component and 𝑋𝑡 is either the U.S.-AIT (Panel A and C) or the EU-AIT (Panel B). Critical 

values for the Wald statistics at the 1%, 5%, and 10% significance levels are 6.64, 3.84, and 2.71, respectively. 

These levels are denoted by ***, **, and *. 

                        

 Panel A - U.S.  Panel B - EU  Panel C - U.S. -> EU 

 CF DR ER  CF DR ER  CF DR ER 

BM 0.205*** 0.162** 0.151*  -0.122 0.040 -0.470  0.139* 0.031 0.494* 

 (7.108) (4.370) (3.773)  (2.355) (0.256) (2.406)  (3.181) (0.157) (2.759) 

CRPR 0.217*** 0.225*** 0.199***  -0.064 0.000 -0.303  0.178** 0.222*** 0.610** 

 (8.042) (8.644) (6.664)  (0.639) (0.000) (1)  (5.331) (8.361) (4.281) 

DE 0.166** -0.048 0.206***  -0.047 0.074 -0.36  0.149* 0.144* 0.399 

 (4.625) (0.37) (7.158)  (0.346) (0.893) (1.422)  (3.661) (3.455) (1.794) 

DFR 0.213*** 0.224*** 0.209***  -0.065 -0.083 -0.229  0.180** 0.155** 0.703** 

 (7.694) (8.539) (7.387)  (0.67) (1.102) (0.566)  (5.419) (4.006) (5.672) 

DFY 0.224*** 0.226*** 0.220***  -0.106 0.115 -0.554*  0.145* -0.014 0.563* 

 (8.552) (8.676) (8.196)  (1.786) (2.144) (3.39)  (3.501) (0.032) (3.631) 

DY 0.212*** 0.259*** 0.198***  -0.06 0.007 -0.299  0.175** 0.243*** 0.586** 

 (7.623) (11.587) (6.644)  (0.57) (0.008) (0.965)  (5.096) (10.225) (3.899) 

EQIS 0.233*** 0.091 0.255***  - - -  - - - 

 (9.319) (1.374) (11.189)  - - -  - - - 

EP 0.166** -0.048 0.206***  -0.047 0.074 -0.360  0.149* 0.144* 0.399 

 (4.625) (0.370) (7.158)  (0.346) (0.893) (1.422)  (3.661) (3.455) (1.794) 

ICC 0.194** 0.010 0.190**  -0.087 0.026 -0.391  0.168** 0.137* 0.612** 

 (6.406) (0.018) (6.091)  (1.191) (0.107) (1.653)  (4.696) (3.123) (4.272) 

LTR 0.217*** 0.211*** 0.211***  -0.067 -0.039 -0.273  0.18** 0.193** 0.639** 

 (8.047) (7.569) (7.525)  (0.71) (0.245) (0.815)  (5.414) (6.306) (4.728) 

LTY 0.176** 0.144* 0.116  -0.03 0.012 -0.175  0.178** 0.209*** 0.536* 

 (5.163) (3.426) (2.205)  (0.142) (0.023) (0.331)  (5.294) (7.405) (3.252) 

NTIS 0.242*** 0.242*** 0.192**  0.01 -0.063 0.223  0.257*** 0.246*** 0.806*** 

 (10.035) (9.982) (6.208)  (0.015) (0.634) (0.548)  (11.454) (10.557) (7.655) 

SII 0.136* 0.128 0.085  - - -  - - - 

 (3.046) (2.696) (1.187)  - - -  - - - 

SVAR 0.207*** 0.143* 0.226***  -0.05 -0.116 -0.101  0.178** 0.150* 0.698** 

 (7.249) (3.403) (8.71)  (0.398) (2.126) (0.111)  (5.293) (3.742) (5.606) 

TMS 0.194** 0.134* 0.204***  -0.031 0.008 -0.175  0.179** 0.209*** 0.541* 

  (6.307) (2.937) (7.043)   (0.154) (0.011) (0.331)   (5.331) (7.432) (3.317) 
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Table A17: European Certainty Equivalent Return Gains using U.S. Predictors 

This table reports the annualized certainty equivalent return (CER) gains in percent for an investor with mean-

variance preferences over our out-of-sample period starting in January 2007 and ending in December 2017. The 

CER gain the difference between the CER resulting from the one-step ahead equity premium forecast using the 

variable in the first column and the CER obtained from the historical mean. To determine the equity weights we 

estimate the variance using a ten-year rolling window. The investor allocates between equities and riskless 

government bills on a monthly basis. The allocation to equities is capped at a minimum of zero and a maximum 

of 150 percent, and the risk aversion coefficient 𝛾 is set to one, three, five and seven. The buy and hold strategy in 

the last row corresponds to investing 100 percent in the respective index. Panel A reports results for the equity 

premium of the Stoxx 50. Panel B reports results for the equity premium of the Stoxx 600. For further details 

regarding the calculation of the variables, refer to Table 1. 

                

 Panel A: U.S. -> Stoxx 50  Panel B: U.S. -> Stoxx 600 

 γ=3 γ=5 γ=7  γ=3 γ=5 γ=7 

AIT 2.761 0.319 -1.179  3.145 1.878 0.271 

BM -5.722 -4.697 -3.966  -4.928 -4.988 -4.224 

BUYHOLD -3.244 -4.768 -6.325  -3.810 -4.244 -5.707 

CRPR -3.720 -2.625 -2.201  -5.617 -3.167 -3.083 

DE -1.146 -1.314 -0.800  -1.573 -1.110 -0.921 

DFR -6.344 -4.908 -3.965  -6.185 -4.944 -3.928 

DFY -3.521 -2.936 -2.582  -3.670 -3.808 -2.775 

DP -4.379 -3.513 -2.632  -4.866 -4.172 -3.271 

DY -3.916 -3.315 -2.257  -4.750 -3.985 -3.034 

EP -1.305 -1.198 -0.726  -1.239 -0.624 -0.573 

EQIS -1.408 -2.013 -1.548  -1.014 -1.655 -1.231 

ICC -4.145 -3.078 -2.322  -5.080 -3.479 -2.628 

LTR -5.172 -3.650 -2.947  -7.045 -5.328 -3.971 

LTY -2.655 -3.638 -3.039  -3.899 -3.772 -3.875 

NTIS -1.607 -1.661 -1.894  -2.053 -1.320 -1.304 

SII -2.373 -1.445 -1.213  -4.154 -2.732 -1.831 

SVAR -2.673 -2.428 -1.651  -2.245 -1.797 -1.502 

TMS -3.299 -2.521 -2.280   -4.976 -3.277 -2.985 
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2 Aggregate Implied Cost of Capital and  

Equity Premium Predictability 

 

 

2.1 Introduction 

The implied cost of capital (ICC) from analyst estimates finds a variety of applications 

in finance. Pastor et al. (2008) use the ICC from analyst estimates to investigate the 

intertemporal risk-return tradeoff. Chen et al. (2013) employ analyst-based ICCs in the return 

decomposition approach of Campbell and Shiller (1988) to proxy the discount rate. Li et al. 

(2013) show, that the aggregate ICC predicts the equity premium in-and out-of-sample. Yet, 

the construction of analyst-based firm specific and aggregate ICCs has several drawbacks. The 

computation is data intensive and requires imputing or overwriting data in cases where only a 

subset of analyst estimates is available or available estimates do not align with the model 

dynamics used for the computation of the ICC.1 These issues potentially have an adverse effect 

on the quality of the obtained ICC. 

We suggest a new approach to derive estimates of the aggregate ICC using index option 

implied information, which we label option-implied cost of capital (O-ICC). Specifically, we 

extract the implied dividend and dividend growth rate from S&P 500 index options and insert 

these estimates in the finite-horizon dividend discount model of Li et al. (2013) to estimate the 

aggregate ICC of the S&P 500.  

                                                           
1 Pastor et al. (2008) and Li et al. (2013) outline the required adjustments in section III.A.1 and section 2.2, 

respectively. Most critically, both rule out dividend growth rates below 2% and above 100%, which likely 

induces an upward bias in ICC estimates. 
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Our approach differs in two ways from the established method to construct the aggregate 

ICC from analyst estimates. First, we use information from a different group of informed 

market participants, option traders instead of analysts. Second, we construct the ICC directly 

on the market level, whereas the aggregate ICC from analyst estimates requires the 

computation of firm specific ICCs, which are then aggregated to a market wide ICC. This 

granular approach is highly data intensive and suffers the aforementioned data correction 

needs. Contrary, our approach is free of any data adjustment and requires only a set of at-the-

money index options and the dividend-price ratio of the index. 

Our results show that O-ICC predicts the U.S. equity premium as measured by the 

premium of the S&P 500 in- and out-of-sample. The out-of-sample R2 ranges from 1.5% for 

monthly forecast horizons to 5.7% for annual forecast horizons. At the same time, we find that 

the predictive power of the analyst-based aggregate ICC of Li et al. (2013) is not present in our 

sample from January 2000 until September 2015, once we control for the bias that arises in the 

predictive regression due to the persistence and the local-to-unity property of the predictor. The 

predictive content of O-ICC is linked to information about future cash flows and the 

development of the real economy.  

Our paper contributes to two strands of the literature. First, we add to the ICC literature 

by proposing a new approach to derive ICC estimates using option-implied information. Our 

approach is less data intensive than the analyst-based approach and requires no restriction of 

the data to derive meaningful ICC estimates. 

Second, we contribute to the equity premium prediction literature by showing that our 

O-ICC achieves favorable in- and out-of-sample predictions of the equity premium. Our results 

are particularly noteworthy in light of Goyal and Welch (2008), who document the difficulty 

of achieving a positive and statistically significant out-of-sample R2. 
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2.2 Predictors of the Equity Premium  

2.2.1 Aggregate Implied Cost of Capital from Option-Implied Information 

We follow Li et al. (2013) and derive our O-ICC estimate from a finite horizon dividend 

discount model. The implied cost of capital, 𝑟𝑒, is the return that equates the discounted stream 

of dividends to the spot price of the index, 𝑆𝑡: 

𝑆𝑡 = ∑ 𝐷𝑡+𝑘(1 + 𝑟𝑒)𝑘𝑇
𝑘=1 + 𝐸𝑡+𝑇+1𝑟𝑒(1 + 𝑟𝑒)𝑇 , (1) 

where 𝐷𝑡+𝑘 represents the dividend in year 𝑡 + 𝑘 and 𝐸𝑡+𝑇+1, represents the earnings in 

year 𝑡 + 𝑇 + 1. The first term in (1) represents the present value of dividends up to terminal 

period 𝑇. The second term captures the present value of dividends after period 𝑇, which equal 

a perpetuity in year 𝑡 + 𝑇 + 1.2 Following Li et al. (2013), we set the terminal period 𝑇 to 15.3  

The model in (1) requires estimates of dividends over the first 𝑇 periods and an earnings 

forecast for the first period after 𝑇 to obtain the ICC. We follow Li et al. (2013) and assume 

that dividends between 𝑡 + 2 and 𝑇 + 1 (𝑘 = 2, … , 𝑇 + 1) grow by a mean reverting growth 

rate path, such that: 

𝐷𝑡+𝑘 = 𝐷𝑡+𝑘−1(1 + 𝑔𝑡+𝑘−1)  𝑔𝑡+𝑘 = 𝑔𝑡+1 + (𝑘 − 1) ⋅ 𝑔 − 𝑔𝑡+1𝑇 ,  (2) 

(3) 

where 𝑔𝑡+𝑘 denotes the dividend growth rate in 𝑡 + 𝑘 and 𝑔 the long-run growth rate, 

respectively. Based on the model dynamics, we require estimates of next year’s dividend, next 

                                                           
2 We refer the reader to Li et al. (2013) for a more detailed description of the finite-horizon dividend discount 

model and the underlying assumptions. 
3 We change the terminal period 𝑇 to 10 and 20 years and find qualitatively similar results. The results are 

reported in the appendix in Table A1. 
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year’s dividend growth rate, the long-run dividend growth rate, and the long-run plowback rate 

in 𝑇 + 1 to infer earnings from dividends.  

We use the twelve months implied dividend, 𝛿�̅�, of European at-the-money4 S&P 500 

index options as an estimate for next year’s dividend. We obtain the implied dividend for 

twelve months by linearly interpolating between the implied dividends for the two expiries that 

are closest to the desired maturity of twelve months, with one expiry being shorter and one 

expiry being larger than twelve months:5 

𝛿�̅� = 𝛿𝑡(𝜏1) + 𝛿𝑡(𝜏2) − 𝛿𝑡(𝜏1)𝜏2 − 𝜏1 (1 − 𝜏1). (4) 

The shorter (longer) maturity is denoted by 𝜏1 (𝜏2) and the corresponding implied 

dividend by 𝛿𝑡(𝜏1). We compute the required implied dividends for the interpolation in (4) for 

each maturity 𝜏𝑖 from the following version of the put-call-parity:  

𝐶𝑡(𝜏𝑖) + 𝐾(𝜏𝑖)𝑒−𝜏𝑖𝑟𝑓,𝑡(𝜏𝑖) + 𝛿𝑡(𝜏𝑖)𝑒−𝜏𝑖𝑟𝑓,𝑡(𝜏𝑖) = 𝑃𝑡(𝜏𝑖) + 𝑆𝑡,  

where 𝐶𝑡(𝜏𝑖) and 𝑃𝑡(𝜏𝑖) denote the price of the at-the-money call and put for maturity 𝜏𝑖, 
respectively. Further, we denote the at-the-money strike for maturity 𝜏𝑖 by 𝐾(𝜏𝑖) and the 

conformable risk-free rate by 𝑟𝑓,𝑡(𝜏𝑖). We take the risk-free rate from the zero curve of U.S. 

government bills, which we obtain along with all option data, from OptionMetrics Ivy DB. 

We estimate next year’s dividend growth rate, 𝑔𝑡+1, from option data following Golez 

(2014). In a first step, we compute the implied dividend yield for both maturities, 𝜏1 and 𝜏2, 

using the identical set of options that we used for determining the implied dividend. We obtain 

the continuously compounded dividend yield from the following version of the put-call-parity: 

                                                           
4 We use at-the-money options, because they tend to be most liquid along the option chain and should hence 

reflect the information inherent in the option markets most appropriately. 
5 Because options trade with fixed expiries, it is rarely possible to compute the implied dividend for twelve 

months from a single pair of options. This requires the interpolation of the implied dividend between the two 

nearest maturities. 
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𝐶𝑡(𝜏𝑖) − 𝑃𝑡(𝜏𝑖) = 𝑆𝑡𝑒−𝜏𝑖𝜆𝑡(𝜏𝑖) − 𝐾(𝜏𝑖)𝑒−𝜏𝑖𝑟𝑓,𝑡(𝜏𝑖),  

where 𝜆𝑡(𝜏𝑖) denotes the continuously compounded dividend yield for the i-th maturity. 

We interpolate linearly between the two implied dividend yields for 𝜏1 and 𝜏2, to derive the 

implied dividend yield for the next twelve months, �̅�𝑡: 

�̅�𝑡 = 𝜆𝑡(𝜏1) + 𝜆𝑡(𝜏2) − 𝜆𝑡(𝜏1)𝜏2 − 𝜏1 (1 − 𝜏1),  

We minimize the impact of microstructural noise on our implied dividend estimate 

following Golez (2014) by using the information from at-the-money options over the last ten 

trading days. Specifically, we compute 𝛿𝑡(𝜏1), 𝛿𝑡(𝜏2) and �̅�𝑡 on each of the last ten trading 

days and use the median of the resulting �̅�𝑡as our estimate of next year’s dividend. 

In a second step, we compute the implied dividend growth rate by subtracting the log-

dividend-price ratio, 𝑑𝑝𝑡, from the implied dividend yield, �̅�𝑡. The dividend-price ratio sets the 

sum of the trailing twelve months dividends in relation to the current price of the index. We 

obtain the data for the dividend-price ratio from Amit Goyal’s website. The difference between 

the implied dividend yield and the log-dividend-price ratio quantifies the implied change in the 

continuously compounded dividend yield over the next twelve months. Because the model in 

(1) is in discrete time, we transform the continuously compounded implied dividend growth 

rate to its discrete time equivalent, denoted by γ̅𝑡, which is given by:  

γ̅𝑡 = 𝑒(�̅�𝑡−𝑑𝑝𝑡) − 1 (5) 

We minimize also for the implied dividend growth rate the impact of microstructural 

noise and proceed in a similar fashion as for the implied dividend. Thus, we compute γ̅𝑡 on 

each of the last ten trading days and use the median of the resulting ten estimates as the dividend 

growth rate. 
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We set the long-run growth rate 𝑔 to the historical mean of U.S. GDP growth rates since 

1930 in the empirical implementation of the model, which is in line with Li et al. (2013). The 

data for the U.S. GDP growth rates comes from the Bureau of Economic Analysis. 

The determination of the long-run plowback rate, 𝑏, in 𝑇 + 1 bases on the assumption of 

Li et al. (2013) that the long-run growth rate follows the sustainable growth rate formula. The 

formula implies that the long-run growth rate equals the product of the return on new 

investments and the plowback rate. Following Li et al. (2013), we further assume that 

competition drives the return on new investment down to 𝑟𝑒, such that: 

𝑏 = 𝑔𝑟𝑒 (6) 

At the end of each month 𝑡, we obtain the model parameter estimates from equation (4) 

– (6) and blend these estimates with the model dynamics in equation (2) – (3) to derive all 

terms in equation (1). We then determine the value for 𝑟𝑒 that solves equation (1). Finally, we 

subtract the annualized one-month T-Bill rate to obtain the O-ICC premium, which serves as a 

predictor for the equity premium.  

Figure 1 depicts the O-ICC premium together with the ICC premium of Li et al. (2013) 

over our sample from January 2000 until September 2015. The figure shows a similar pattern 

of both ICC-measures. 

 

2.2.2 Established Predictors of the Equity Premium  

To put the predictive content of our O-ICC metric into perspective, we compare it to the 

analyst-based aggregate ICC suggested by Li et al. (2013), the option implied dividend growth 

rate suggested by Golez (2014), and the 17 established predictors considered by Goyal and 

Welch (2008). We construct the aggregate ICC following the procedure outlined in Li et al. 
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(2013). The necessary analyst forecasts come from I/B/E/S, accounting data for dividends, 

earnings, and the return on equity come from Compustat and firm-level market capitalization 

from Datastream. We construct the time-series for the implied dividend growth rate following 

the procedure described in Golez (2014) using data from OptionMetrics. Data for the remaining 

17 predictors comes directly from Amit Goyal’s webpage. 

 

2.3 Predictive Regression Analysis 

We evaluate the predictive content of O-ICC and the considered set of established 

predictors for the equity premium in the following predictive regression framework: 

where 𝑟 𝑡+ℎ is the equity premium over the forecast horizon comprising the next ℎ 

months, and 𝑋𝑡 is the value of the predictive variable at time t. We compute the equity premium 

as the continuously compounded excess-return on the S&P 500 over the one-month T-Bill rate, 

which we obtain from Kenneth French’s website. 

 

2.3.1 In-Sample Results 

The widespread OLS estimation of (2) is problematic for two reasons. First, the 

accumulation of the equity premium for ℎ > 1 generate additional correlation and makes the 

OLS estimator inconsistent (Kostakis et al. 2015). Second, persistent and potentially non-

stationary predictors of the equity premium6 induce a bias in the OLS coefficient estimates and 

inflate t-statistics (see e.g. Stambaugh 1999, Lewellen 2004, and Campbell and Yogo 2006). 

                                                           
6 Table A2 reports the autocorrelation at different lags as well as the results on two stationarity tests for O-ICC 

and the set of considered predictors. We observe that O-ICC and the vast majority of predictors exhibits a high 

degree of persistence and/or non-stationarity. 

𝑟 𝑡+ℎ = 𝛼 + 𝛽 ∙ 𝑋𝑡 + 𝜀𝑡+ℎ, (7) 
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Kostakis et al. (2015) propose an extended instrument variable approach (IVX) that resolves 

both aforementioned problems. We thus estimate all predictive regressions throughout the 

entire paper by IVX and base our interpretation on the respective results. We report in this 

section also the OLS coefficient estimates for the purpose of comparison to other papers. 

Table 2 reports the in-sample regression results. We find that our proposed O-ICC is 

positively related to future realizations of the equity premium. The statistical significance of 

O-ICC increases with the forecast horizon. Specifically, we find that O-ICC predicts the equity 

premium at the three-month horizon at the 10%, at the six-month horizon at the 5%, and at the 

twelve-month horizon on the 1% significance level. The increase in the statistical significance 

is accompanied by an increase in the coefficient size, which suggests that O-ICC is particularly 

valuable for long-horizon forecasts. 

Our results for the analyst-based ICC show that ICC loses its predictive power, once we 

control for the statistical characteristics of the variable. The IVX coefficient estimates for all 

forecast horizons are statistically insignificant, while the OLS coefficients are highly 

significant for all horizons. Our results raise concerns regarding the predictive content of the 

analyst based ICC for the equity premium. 

Our results for the remaining predictors shows a similar picture as the one that we 

observed for ICC. The predictive content of many variables vanishes, one we control for their 

time-series characteristics. This observation is in-line with Kostakis et al. (2015). Yet, we find 

that DY, LTY, NTIS predict the equity premium at all forecast-horizons. Further, SVAR seems 

to convey predictive information for short-horizon forecasts, while CORPR, RF, and TBL 

predict the equity premium for long-horizon forecasts. 
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2.3.2 Out-of-Sample Results 

We complement our in-sample results for the predictive power of O-ICC by a 

corresponding out-of-sample analysis, which starts in January 2004. At the end of each month, 

we compute the forecasts from the modified OLS (mOLS)-point estimates of the predictive 

model in equation (7) using only data up to the respective month-end. Hence, we make the first 

forecast using data until the end of December 2003, i.e. based on the three years of data. The 

mOLS estimator provides consistent point estimates without transforming the original time 

series, which is solely necessary to obtain a Chi-squared distributed predictor. 

We measure the out-of-sample predictive power of an ℎ-step ahead forecast by the out-

of-sample R² (𝑅𝑂𝑂𝑆2 ) proposed by Campbell and Thompson (2008): 

𝑅𝑂𝑂𝑆2 = 1 − (∑ (𝑟𝑡+ℎ − �̂�𝑡+ℎ𝑇𝑡=1 )²∑ (𝑟𝑡+ℎ − �̅�𝑡+ℎ𝑇𝑡=1 )²), (8) 

where 𝑟𝑡+ℎis the realized value of the equity premium over the period from the end of 

time 𝑡 to 𝑡 + ℎ, �̂�𝑡+ℎ is the equity premium forecast from the predictive regression for the 

respective period, and �̅�𝑡+ℎ is the naïve forecast of the equity premium based on the historical 

mean using data until period 𝑡. In case the 𝑅𝑂𝑂𝑆2  is positive, the predictor has a lower mean 

squared error compared to the naïve forecast. We use the Clark and West (2007) mean-squared 

prediction error (MSPE) adjusted t-statistic, which is given by: 

𝑓𝑡+1 = (𝑟𝑡+1 −�̅�𝑡+1)2 −  [(𝑟𝑡+1 −�̂�𝑡+1)2 − (�̅�𝑡+1 − �̂�𝑡+1)2] (9) 

 to assess whether the 𝑅𝑂𝑂𝑆2  is significantly different from zero. We obtain the p-value 

for the one-sided t-test that the MSPE of the predictive model is larger than the MSPE of the 

historical mean by regressing 𝑓𝑡+1 on a constant. 
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Table 4 reports our out-of-sample results. We find that O-ICC is a statistically significant 

predictor of the equity premium at all forecast horizons. The 𝑅𝑂𝑂𝑆2  ranges from 1.5% for 

monthly forecast horizons to 5.7% for annual forecast horizons. Our out-of-sample results for 

O-ICC are in-line with our in-sample results and confirm our notion that OICC is particularly 

valuable for long-horizon forecasts.  

The results for ICC show that the variable seems to convey predictive information that 

could have helped to predict the equity premium in an out-of-sample setting. Yet, this result 

does not alleviate the concern about the predictive content of the analyst-based aggregate ICC, 

because an out-of-sample analysis is only a reasonable experiment conditional on observed in-

sample significance (Goyal and Welch 2008). 

The results for the in-sample significant predictors DY, LTY and NTIS show ambiguous 

results. All variables achieve a negative 𝑅𝑂𝑂𝑆2  for short-term forecast horizons, but positive and 

statistically significant 𝑅𝑂𝑂𝑆2  for longer forecast horizons. The results for the variables with 

long- or short-term in-sample predictive content, CORPR, SVAR, RF, and TBL differ also 

with respect to their statistical significance. We find that the predictive power of CORPR and 

SVAR cannot be confirmed in our out-of-sample analysis. Contrary, we find supportive 

evidence for the long-term predictive content of RF and TBL in light of positive and 

statistically significant 𝑅𝑂𝑂𝑆2 . 

 

2.4 Informational Content of the Aggregate Implied Costs of Capital 

Rapach et al. (2010) show that predictors of the equity premium are more plausible if 

they are associated with macroeconomic activity and cash flows, in line with Cochrane (2007). 

In this section, we assess whether the ICC and the O-ICC are positively associated with an 

aggregate cash flow proxy, annual dividend growth and two measures of macroeconomic 
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activity, annual industrial production and real GDP growth. If analysts and option traders, on 

aggregate level, are able to anticipate changes in stock prices, their aggregate trading activities, 

as resembled by aggregate implied cost of capital measures, should be positively associated 

with the equity premium. 

In Table 4, we regress annual dividend, industrial production and GDP growth on ICC 

and O-ICC, respectively. The results show that both predictors are positively associated with 

dividend growth with O-ICC having a three times larger Wald statistic. In case of industrial 

production growth, O-ICC is on the verge of being significant on the 10% level whereas ICC 

does not exhibit (though insignificant) the correct sign. Regarding GPD growth, we only find 

a positive and significant point estimate for O-ICC. 

Overall, results reported in Table 4 indicate that O-ICC, i.e. option trading, has a more 

pronounced association with aggregate cash flows compared to ICC. Put differently, option 

traders on average seem to be better informed with respect to future changes in cash flows than 

analysts. In line with studies from the insider trading literature, this outcome supports the result 

of O-ICC being a more powerful predictor of the equity premium than ICC is. 

 

2.5 Conclusion 

The (aggregate) ICC based on analyst forecasts has a widespread use in the finance. Yet, 

the computation is data intensive and imposes restrictions on the employed analyst forecasts. 

We present in this paper an alternative approach to construct the aggregate ICC using the option 

implied dividend and dividend growth rate, which can be easily derived from European options.  

Our results show that our O-ICC metric predicts the equity premium in- and out-of-sample. 

This result is in contrast to our findings for the analyst-based aggregate ICC. We find that the 
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latter loses its predictive power, once we control for the non-stationarity and persistence in the 

estimation procedure of the predictive regression.  

Our results suggest that our O-ICC predicts the variation of the equity premium better 

than the analyst-based aggregate ICC. Our metric may hence be of interest wherever market-

wide ICCs are needed.
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Figure 1: Measures of Aggregate Implied Cost of Capital 

This figure shows the analyst-based aggregate implied cost of capital (ICC) of Li et al. (2013) and the aggregate 

implied cost of capital based on option-implied information (O-ICC). The O-ICC is depicted as a solid line and 

ICC is depicted as a dashed line. The sample period spans from January 2000 until September 2015. 
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Table 1: Data Description 

This table reports the considered predictors, their abbreviation, the data sources for the predictors and a brief description of the variables. 

  
Predictor Abbreviation Data source Description 

  

1 book-to-market ratio BM Bloomberg reciprocal value of the price-book ratio 

2 corporate bond return CRPR A. Goyal log return of the total return index 

3 dividend payout DE A. Goyal log of a 12 month moving sum of dividends minus the log of a 12 month moving sum of earnings. 

4 default return spread DFR A. Goyal long-term corporate bond return minus long-term government bond return 

5 default yield spread DFY A. Goyal spread between speculative grade and investment grade corporate bond yields 

6 dividend price ratio DP A. Goyal log of a 12 month moving sum of dividends paid on an index minus the log of stock prices 

7 dividend yield DY A. Goyal log of a 12 month moving sum of dividends paid on an index minus the log of lagged stock prices 

8 earnings price ratio EP A. Goyal log of a 12 month moving sum of earnings on an index minus the log of stock prices 

9 
implied dividend  

growth rate 
IDG 

B. Golez and  

OptionMetrics 

corrected implied dividend growth rate (Golez 2014), data until June 2011 comes from B. Golez, 

data afterwards base on own computations using option data from Option Metrics 

10 implied cost of capital ICC 
Compustat, I/B/E/S, 

Datastream 
return on equity from the Gordon Growth model  (Li et al. 2013) 

11 Inflation INFL A. Goyal consumer price index 

12 
long term government bond 

return 
LTR A. Goyal no transformation 

13 long term government bond yield LTY A. Goyal no transformation 

14 net equity expansion NTIS A. Goyal 
ratio of a 12 month moving sum of net equity issues by listed stocks to the total end-of-year market 

capitalization. 

15 Fama-French risk free rate RF K. French no transformation 

16 stock variance SVAR A. Goyal sum of squared daily returns of an index 

17 treasury bill rate TBL A. Goyal no transformation 

18 term spread TMS A. Goyal long-term government bond yield minus Treasury Bill 
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Table 2: In-Sample Predictive Regressions 

This table reports the OLS and IVX point estimates for the slope coefficient in the predictive regression model 𝑟𝑡+ℎ = 𝛼 + 𝛽𝑋𝑡 + 𝜀𝑡+ℎ, where 𝑟𝑡+ℎ is the S&P 500 equity premium and ℎ is the forecast horizon which equals 1, 

3, 6, and 12 months. The predictor, 𝑋𝑡, is stated in the first column of the table and is standardized to have a mean 

of zero and standard deviation of unity. The regression coefficients are estimated over the entire sample from 

January 2000 until September 2015. The statistical significance of the OLS slope coefficients is based on Newey-

West (1987, 1994) standard errors; the statistical significance of the IVX slope coefficients is based on the Wald 

test suggested by Kostakis et al. (2015). Statistical significance of the slope coefficients at the 1%, 5%, and 10% 

significance levels is indicated by ***, **, and *. 

                        

 h=1  h=3  h=6  h=12 

  IVX OLS  IVX OLS  IVX OLS  IVX OLS 

BM 0.008 0.009**  0.008 0.026**  0.010 0.058***  0.012 0.114*** 

CORPR 0.005 0.005  0.002 0.001  0.020** 0.014*  0.022** 0.017 

DFR 0.003 0.004  0.006 0.009  0.006 0.014**  0.007 0.021** 

DFY -0.005 -0.002  -0.003 -0.000  0.000 0.015  0.003 0.048*** 

DE -0.001 0.001  0.001 0.006  0.002 0.017  0.002 0.030 

DP 0.004 0.006  0.006 0.022  0.008 0.051**  0.010 0.101*** 

DY 0.006 0.008*  0.007 0.024*  0.009 0.053***  0.011 0.104*** 

EP 0.002 0.002  0.001 0.004  0.001 0.004  0.002 0.014 

IDG 0.008** 0.007**  0.008* 0.011  0.007 0.014  0.009 0.024 

ICC 0.004 0.007**  0.005 0.021**  0.006 0.048***  0.009 0.107*** 

INFL 0.004 0.002  0.007 0.006  -0.004 -0.014  -0.040 -0.038** 

LTR 0.003 0.002  -0.003 -0.004  0.012 0.004  0.018 0.002 

LTY -0.009* -0.008***  -0.011** -0.026***  -0.012** -0.056***  -0.013* -0.112*** 

NTIS 0.008** 0.005  0.009*** 0.017  0.010*** 0.034  0.010** 0.050 

O-ICC 0.005 0.007***  0.008* 0.025***  0.008** 0.052***  0.010*** 0.115*** 

RF -0.005 -0.006***  -0.006 -0.021***  -0.007* -0.049***  -0.010** -0.111*** 

SVAR -0.009*** -0.009***  -0.009** -0.017**  -0.003 -0.006  0.003 0.016 

TBL -0.004 -0.006**  -0.005 -0.020**  -0.006 -0.045***  -0.090* -0.107*** 

TMS 0.001 0.002  0.001 0.008  0.002 0.024  0.005 0.071** 
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Table 3: Out-of-Sample Predictive Regression Results 

This table reports the out-of-sample R² (𝑅𝑂𝑂𝑆2 ) obtained from a model 𝑟𝑡+ℎ = 𝛼 + 𝛽𝑋𝑡 + 𝜀𝑡+ℎ, where 𝑟𝑡+ℎ is the 

equity premium and ℎ is the forecast horizon which equals 1, 3, 6, and 12 months. 𝑋𝑡 is the predictor stated in the 

first column. A positive value of the 𝑅𝑂𝑂𝑆2  indicates that the variable stated in the first column outperforms the 

historical mean. The out-of-sample period starts in January 2004 and ends in September 2015. The reported p-

values for the 𝑅𝑂𝑂𝑆2  base on the MSPE-adj. t-statistic of Clark and West (2007). 

 

                        
 h=1  h=3  h=6  h=12 
 𝑅𝑂𝑂𝑆2  P-value  𝑅𝑂𝑂𝑆2  P-value  𝑅𝑂𝑂𝑆2  P-value  𝑅𝑂𝑂𝑆2  P-value 

BM -0.14 0.1817 
 

-0.05 0.3815 
 

3.39* 0.0846 
 

7.08*** 0.0000 

CORPR -2.76 0.5862 
 

-8.22 0.9319 
 

-0.17 0.3001 
 

-3.78 0.3051 

DFR -6.37 0.4055 
 

-7.37 0.7626 
 

-7.12 0.9386 
 

-2.46 1.0000 

DFY -6.76 0.8708 
 

-6.22 0.8022 
 

-2.25 0.4730 
 

0.59 0.1862 

DE -4.62 0.2896 
 

-3.15 0.5319 
 

-6.34 0.9098 
 

-0.86 0.7164 

DP -3.5 0.4285 
 

-2.67 0.6423 
 

-0.11 0.4331 
 

3.6** 0.0119 

DY -1.52 0.2499 
 

-1.03 0.4937 
 

0.79 0.3177 
 

4.2*** 0.0028 

EP -7.13 0.3583 
 

-4.57 0.6749 
 

-3.88 0.8161 
 

-0.96 0.7426 

IDG 1.28 0.1138 
 

0.47 0.3066 
 

1.75* 0.0696 
 

4.68*** 0.0000 

ICC 0.37 0.1676 
 

0.24 0.3146 
 

-0.36 0.4415 
 

0.66 0.1923 

INFL -0.44 0.4818 
 

-2.68 0.9687 
 

-0.9 0.2755 
 

-93.71 0.8011 

LTR -1.04 0.7842 
 

-3.16 0.7694 
 

-2.03 0.8209 
 

-1.83 0.8255 

LTY -0.27** 0.0248 
 

5.12** 0.0121 
 

7.14*** 0.0012 
 

7.35*** 0.0000 

NTIS -0.23 0.3534 
 

-0.64 0.5229 
 

-0.91 0.6300 
 

-0.08 0.4077 

O-ICC 1.47* 0.0571 
 

3.46** 0.0216 
 

4.09*** 0.0025 
 

6.70*** 0.0000 

RF 0.95* 0.0724 
 

1.67* 0.0636 
 

2.64*** 0.0064 
 

5.09*** 0.0000 

SVAR -4.76 0.1261 
 

2.89 0.1983 
 

-0.91 0.4446 
 

-17.93 0.9987 

TBL 0.51 0.1292 
 

0.78 0.1706 
 

1.71** 0.0396 
 

4.35*** 0.0000 

TMS -0.58 0.5855 
 

-1.18 0.9414 
 

-0.41 0.7318 
 

0.83** 0.0263 
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Table 4: Regression Results for the Predictive Power of AIT 

This table reports the IVX point estimates and the Wald statistics (in parenthesis) of a model 𝑌𝑡+ℎ = 𝛼 + 𝛽𝑋𝑡 +𝜀𝑡+ℎ. Y is either the annual dividend growth, annual industrial production (IP) growth, or annual GDP growth. 𝑋𝑡 

is either ICC or O-ICC. For the annually compounded dividend growth on monthly frequency the underlying index 

is the S&P 500. We use annually compounded U.S. industrial production (monthly frequency) and GDP growth 

(quarterly frequency) from the FRED database. We estimate the regression coefficients over the entire sample 

period from January 2000 until September 2015. For comparability, we standardize both sides of the equation to 

have a mean of zero and a standard deviation of unity. Critical values for the Wald statistics at the 1%, 5%, and 

10% significance levels are 6.64, 3.84, and 2.71, respectively. These levels are denoted by ***, **, and *. 

      

Dividend Growth beta Wald 

O-ICC 0.367*** 11.827 

ICC 0.301** 3.961 

 
  

IP Growth   

O-ICC 0.133 2.392 

ICC -0.046 0.117 

 
  

GDP Growth   

O-ICC 0.245* 2.951 

ICC 0.129 0.330 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



88 

 

Appendix 

Table A1: Robustness Check of the Terminal Period in the Finite Horizon Dividend Discount 

Model 

This table reports in sample and out-of-sample estimates for the option-implied cost of capital (O-ICC) when the 

forecast horizon of underlying dividend discount model is varied from T=15 to T=10 and T=20. Panel A reports 

results for in-sample results where critical values for the Wald statistics at the 1%, 5%, and 10% significance levels 

are 6.64, 3.84, and 2.71, respectively. For the out-of-sample R², inference is drawn using the MSPE-adj. t-statistic 

of Clark and West (2007). For both Panels, ***, **, and * indicate significance of the 𝑅𝑂𝑂𝑆2  at the 1%, 5%, and 

10% level, respectively. 

                

Panel A - In Sample  Panel B - Out-of-Sample 

 T=10 T=20  T=10 T=20 

  IVX-beta Wald IVX-beta Wald  R²oos R²oos 

h=1 0.171 1.180 0.181 1.894  0.008 0.012* 

h=3 0.293* 3.382 0.282** 4.431  0.025* 0.040** 

h=6 0.331** 4.408 0.312** 5.513  0.032** 0.049*** 

h=12 0.460*** 8.894 0.402*** 10.296   0.060*** 0.065*** 
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Table A2: Persistence and Stationarity of the Considered Equity Premium Predictors 

The first four columns report the autocorrelation coefficients (AC) for the selected 19 predictive variables for the 

S&P 500 for lag i over the sample from January 2000 until September 2015. The last two columns show the p-

values of the Augmented Dickey-Fuller test (ADF) and the p-values of the Philipps-Perron test (PP). For details 

regarding the predictors please refer to Table 1.  

                  

 AC(1) AC(12) AC(24) AC(36) AC(48)  ADF PP 

BM 0.959 0.614 0.365 0.233 0.094  0.150 0.166 

CORPR 0.033 -0.059 0.028 0.079 -0.027  0.000 0.000 

DFR 0.011 0.101 0.103 0.074 0.061  0.000 0.000 

DFY 0.956 0.084 -0.156 0.014 -0.209  0.294 0.067 

DE 0.981 0.113 -0.282 -0.269 -0.189  0.628 0.162 

DP 0.954 0.371 0.099 0.190 0.090  0.164 0.113 

DY 0.955 0.387 0.117 0.209 0.107  0.154 0.112 

EP 0.976 0.172 -0.170 -0.273 -0.199  0.556 0.163 

IDG 0.455 0.220 0.002 -0.171 -0.010  0.000 0.000 

ICC 0.956 0.556 0.087 -0.178 -0.220  0.084 0.085 

INFL 0.505 0.273 0.305 0.334 0.246  0.000 0.000 

LTR -0.034 0.010 0.004 0.058 -0.025  0.000 0.000 

LTY 0.955 0.638 0.490 0.390 0.143  0.503 0.579 

NTIS 0.970 0.315 -0.167 -0.138 -0.038  0.512 0.302 

O-ICC 0.914 0.548 0.148 -0.116 -0.133  0.031 0.111 

RF 0.965 0.593 0.154 -0.109 -0.082  0.132 0.134 

SVAR 0.708 0.011 -0.102 -0.007 -0.101  0.000 0.000 

TBL 0.974 0.623 0.178 -0.094 -0.080  0.075 0.147 

TMS 0.958 0.486 -0.095 -0.491 -0.420   0.219 0.212 
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3 Aggregate Insider Trading and the Prediction of 

Corporate Credit Spread Changes 

 

 

3.1 Introduction 

In this paper, we investigate the predictive power of equity-based aggregate insider 

trading for aggregate default risk via future changes in corporate credit spreads. 

Our results show that aggregate insider trading is strongly related to the level of default 

risk as reflected in future credit spread changes. Many studies show that on aggregate level, 

insiders are able to predict the stock market (Seyhun 1992, Lakonishok and Lee 2001, Jiang 

and Zaman 2010, Tavakoli et al. 2012). According to Seyhun (1992) and Jiang and Zaman 

(2010), this finding is due to insiders’ ability to predict changes in cash flow realizations within 

their firm on which they trade accordingly. Piotroski and Roulstone (2005) confirm this notion 

but also find that insiders are able to detect stock misvaluation. Therefore, insider trading 

conveys private information that reveals what insiders think about the future stock price of their 

firm. Consequently, if insiders trade, they give an indirect assessment of the default risk of a 

firm because they trade upon potential changes in the stock price which will affect its asset 

value and finally affect its default risk. 

Merton (1974) provides a seminal credit risk model, where default risk primarily depends 

on the asset value of a firm. The proposition of his model provides a framework to connect 

equity-side trading and default risk (Chordia et al. 2017). If insiders have information about 

future firm level cash flows, net insider selling indicates that insiders anticipate a decrease in 

the performance of their firm, followed by a decrease in the stock price. This decrease will be 

reflected in a lower asset value and finally result in an increase in default risk. Thus, if insiders 

sell on aggregate, aggregate default risk as captured by credit spreads will increase. Hence, we 
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hypothesize that aggregate insider trading inversely predicts future changes in corporate credit 

spreads. 

Testing this hypothesis, we provide novel evidence that aggregate insider trading is a 

valuable predictor of future changes in corporate credit spreads. Since there is a considerable 

amount of heterogeneity separating insiders, we conduct a subsample analysis and categorize 

insiders into three groups according to how closely involved they are in daily business activities. 

This categorization reflects how great an insider’s access to in-firm information is. 

Our results show a negative association between future credit spread changes and 

aggregate insider trading for forecast horizons ranging from one to 12 months. The predictive 

power doubles each time the forecast horizon increases. With respect to the insider subsamples, 

the predictive power is largest for insiders that are on management level. Supporting the notion 

that insiders explicitly gauge future cash flow realizations, which will be reflected in the default 

risk level of a firm, we find that point estimates double if we gradually increase the level of 

default risk from BBB to CCC spreads. 

In subsequent analyses, we show that our results are robust to including various predictors 

of risk, cannot just be attributed to the occurrence of the 2007/08 financial crisis and are not 

only driven by information conveyed from net purchasing or net selling insiders. This finding 

emphasizes the reliability of using aggregate inside information because, contrary to our results, 

studies of related literature branches show the power of predictors of the equity premium to be 

confined to recession periods (Henkel et al. 2011, Dangl and Halling 2012) and that insiders 

only yield abnormal returns via purchasing transactions (Finnerty 1976, Jeng et al. 2003). 

In sum, aggregate insider trading is a valuable predictor of future aggregate default risk 

as measured by changes in corporate credit spreads. This finding can help portfolio and risk 

managers who seek to adjust their trading strategy to avoid potential losses due to changes in 

aggregate default risk. 
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3.2 Data and Methodology  

Our data is provided by 2iQ Research. Insider transactions have been reported to the SEC 

from January 2003 until December 2016 using Form 4. We exclude transactions with 

incomplete information, OTC transactions, private transactions, SEC rule 10b-5 transactions 

(resembling future trading plans), transactions related to mergers, IPOs, margin calls, 

remuneration, debt redemption and if an insider sells her shares when she leaves the company. 

We apply the transaction filter outlined in Rozeff and Zaman (1988) to alleviate problems 

arising from liquidity related transactions including tax evasion strategies.1 The filter requires 

at least three insiders to trade in a firm per month. If one insider does not trade in the direction 

of her colleagues, this firm is dropped from the sample in this month. Thus, the Rozeff-Zaman 

filter ensures that AIT does not capture contradictory signals from insiders. Dropping these 

transactions alleviates concerns that noise trading drives our results. We construct three 

subsamples categorizing insiders according to their degree of involvement in daily business 

activities in descending order, which are (i) CEOs, CFOs, COOs, company presidents, chairmen 

of the board and other management level positions (“management”); (ii) non-executive board 

members, directors and chairmen (“non-executives”); (iii) shareholders and beneficial owners 

(“shareholder”). We expect the predictive power of AIT to decrease the less insiders are 

involved in daily business activities because these insiders are most likely to have less 

information about future changes in the cash flows of a firm. Thus, they cannot assess future 

cash flows, i.e. default risk, as appropriately as insiders being involved more closely into daily 

business activities. This should lead to a lower predictive power for future credit spread 

changes. 

                                                           
1 Note that the sum of transactions from the subsamples do not sum up to the full sample statistics because the 

Rozeff-Zaman transaction filter drops a different amount of transactions for each subsample. 
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In order to calculate the corporate credit spreads, we use the corporate bond yield indices 

provided by the Bank of America Merrill Lynch comprising the following rating categories: 

CCC, B, BB and BBB. We use AAA yields as riskless benchmark.  

We define future corporate credit spread changes Δ𝐶𝑆𝑡,𝑠,𝑖 as Δ𝐶𝑆𝑡,𝑠,𝑖 = (𝑌 − 𝐴𝐴𝐴)𝑡 − (𝑌 − 𝐴𝐴𝐴)𝑡−𝑖 (1) 

where the index 𝑖 takes the value of either 1, 3, 6 and 12, 𝑠 indicates the specific credit spread 

change calculated from 𝑌, which is either the CCC, B, BB or BBB corporate bond yield index. 

Our insider trading measure is defined as annual aggregate insider trading (AIT) 

𝐴𝐼𝑇𝑡 =  ∑ 𝑃𝑡 + 𝑆𝑡𝑡
𝑘=𝑡−11  (2) 

where purchases 𝑃𝑡 and sales 𝑆𝑡 equal unity and minus unity, respectively, if such a transaction 

occurred. Finally, to test our hypotheses outlined above, we perform predictive regressions of 

the form Δ𝐶𝑆𝑡,𝑠,𝑖 = 𝛼 + 𝛽𝐴𝐼𝑇𝑡−𝑖 + 𝛏𝚪𝐭−𝐢 + 𝜀𝑡,𝑠,𝑖 (3) 

where 𝑖 takes values of either 1, 3, 6 or 12 for monthly, quarterly, semi-annual or annual 

changes in future credit spreads and Γ is a vector taking various control variables. The control 

variables, obtained from Datastream if not stated otherwise, comprise the VIX, the term spread 

as the 10 year minus the 2 year U.S. government bond, monthly inflation, the financial and 

macroeconomic risk indices from Jurado et al. (2015) and the policy uncertainty index from 

Baker et al. (2016). At last, we compute the first three principal components of the FRED-MD 

dataset provided via McCracken and Ng (2015). 

We expect the point estimate 𝛽 to be negative because a decrease in AIT, i.e. insiders 

execute more sell than purchase transactions, implies an anticipated decrease in stock prices, 

which in turn will increase default risk in the future, and vice versa. 

To get an overview of how insiders trade, we present descriptive statistics of insider 

transactions and of the constructed AIT time series in Table 1. Panel A shows the characteristics 
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of all samples. The full sample comprises 813,330 transactions from 62,714 insiders employed 

at 6,564 firms before monthly aggregation. It is evident that U.S. insiders are net sellers on 

average, which is also apparent from Table 1, Panel B where the mean of all AIT are negative. 

Furthermore, it is interesting to see from the standard deviation that AIT is highly mutable, 

which becomes apparent in Figure 1 plotting AIT for the full sample. The trajectory of AIT in 

Figure 1 not only shows that insiders are on average contrarian investors because they sell right 

before the 2007/08 financial crisis and start purchasing during the turmoil, but also that insiders 

react to changes in economic conditions as evident when comparing the movements of both 

trajectories. 

Further examining results for the subsamples reported in Table 1, Panel A shows that 

each management level insider trades fourteen times on average, whereas non-executives just 

trade six times. Moreover, from descriptive statistics reported in Panel B it is evident that non-

executives and shareholders are on average less mutable than insiders on management level are. 

The coefficient of variation for the non-executives and shareholder subsamples is clearly larger 

than the one for management subsample, indicating that, management level insider trading is 

less contradictory. This finding supports the notion that management insiders are better 

informed because they are more involved in daily business activities than their colleagues are.  

Figure 1 also shows that AIT has a structural break due to the financial crisis. Therefore, 

we cannot run a regression of corporate credit spread changes on AIT without suffering a bias 

in point estimates and standard errors. To resolve this issue, we use the Perron and Vogelsang 

(1992) test to find the structural break. We then regress AIT on a dummy splitting the sample 

according to the break found and use the residual from that regression for subsequent analyses. 

This procedure leads to less biased point estimates and standard errors because it resolves the 

issue of a non-stationary time series around a structural break. 
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3.3 Empirical Results 

3.3.1 Predicting Corporate Credit Spread Changes 

In this section, we analyze the predictive power of AIT for monthly, quarterly, semi-

annual and annual changes in BBB-AAA credit spreads as defined in (1). Table 2 reports results 

from predictive regressions according to (3). We run regressions with and without controlling 

for past annual returns on the stock and bond market. Annual returns on the stock market are 

continuously compounded monthly returns of the value-weighted CRSP index and annual 

returns on the bond market are continuously compounded monthly returns of the Bank of 

America Merrill Lynch U.S. Corporate Bond Master Index. Since past performance of the stock 

and bond market can indicate a change in default risk, we run regressions controlling for past 

returns to ensure that the univariate results are not driven by information coming from these 

markets. 

Examining the results reported in Table 2, we find a significantly negative association 

between AIT and future changes in credit spreads, confirming our hypothesis that  an increase 

in aggregate net selling is followed by an increase in default risk via a decrease in asset value. 

This association becomes more pronounced if the forecast horizon increases, which is 

consistent with Ke et al. (2003) who show that insiders plan their transactions up to two years 

ahead. Having a closer look at the point estimates of univariate regressions, it is evident that 

these double each time the forecast horizon increases from monthly to annual level. This 

increase is accompanied by a rise in the adjusted R², which reaches 52 percent for predicting 

annual credit spread changes. Regarding this specification, the predictive power of AIT is also 

economically meaningful. An increase of one standard deviation in AIT translates into a 

decrease of up to 72 percent of the standard deviation of annual credit spread changes. Adding 

past returns to each univariate regression does not alter this finding, which implies that 

aggregate insider trading comprises special information not captured by changes in the overall 
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performance of the stock and bond market. Notably, adding past returns neither alters the point 

estimate for AIT nor increases the adjusted R² meaningfully; for semi-annual and annual 

predictions, adding past returns even leads to a slight decrease in the adjusted R². 

 

3.3.2 Default Risk Levels 

In this section, we examine whether and to what extent the predictive power of AIT is 

related to the level of default risk. If AIT, i.e. insiders on average, predicts default risk, its 

predictive power should be greater if default risk gets more pronounced as it the case when 

gradually lowering the rating from BBB to CCC. To investigate this hypothesis, we regress 

CCC, B, BB and BBB spread changes on AIT in respective columns labelled (1). Additionally, 

we control for various predictors capturing default risk in columns labelled (2) to (4). For 

brevity, we just report the coefficients for AIT along with the standard error and adjusted R² in 

triplets. While column (1) is a univariate model, in column (2), we add common risk indicators 

(the VIX, the term spread as the 10 year minus the 2-year U.S. government bond, and monthly 

inflation). In column (3), we add the financial and macroeconomic risk indices from Jurado et 

al. (2015) as well as the policy uncertainty index from Baker et al. (2016), which provide an 

efficient combination of financial and macroeconomic time series. In column (4), we add the 

first three principal components of the FRED-MD dataset provided via McCracken and Ng 

(2015), which solely capture macroeconomic conditions.2 

Figure 2 depicts the coefficients of univariate regressions reported in Table 3,3 which are 

robust to the incorporation of additional predictors in respective columns (2) to (4). First, we 

find that a higher level of default risk, with the CCC spread having the highest level, is 

associated with a stronger relation between credit spread changes and AIT. In fact, point 

                                                           
2 Note that we do not include past returns. However, including past returns does not alter results. 
3 Figure 2 depicts the coefficients reported in respective columns (1) in Table 3, which are all significant and 

negative. 
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estimates double each time we increase the level of default risk from BBB to CCC. This finding 

is in line with the notion that insider trading is related to default risk and that insiders indeed 

gauge the risk implied by future changes in asset value. It also shows that aggregate inside 

information is more valuable for outside investors, the higher the likelihood that on average 

firms might default. Second, as in Table 2, we find that the relationship between credit spread 

changes and AIT becomes more pronounced, the longer the forecast horizon is, again consistent 

with Ke et al. (2003). These results are not altered if we include other predictors, regardless of 

whether these are rather related to the financial sector or macroeconomic level. 

In sum, we find that both, an increase in the forecast horizon and an increase in default 

risk leads to a doubling of the predictive power of AIT. Adding other predictors does not 

qualitatively alter this finding. While the former result is in line with Table 2, the effect of a 

doubling of the predictive power when increasing the default risk level suggests that, on 

average, insider trading is strongly related to an insiders’ assessment of changes in future cash 

flow realizations finally affecting firm performance, in line with Seyhun (1992). It implicitly 

sheds light on how insider trading is related to firm performance, which so far has merely been 

investigated via the behavior of future stock returns. 

 

3.3.3 Insiders’ Involvement in Daily Business and Default Risk Levels 

Previous studies on insider trading show that not all transactions executed by insiders 

convey predictive information. Lakonishok and Lee (2001) distinguish between management 

and large shareholders and find the former to have more information than the latter. 

Distinguishing insiders into finer categories, Seyhun (1986) and Tavakoli et al. (2012) find 

officers to be the most informed insiders. In this respect, Seyhun (1986) shows officer-directors 

to be particularly well informed, which he attributes to the involvement of these insiders in 

overall operations of a firm. Thus, we split our full sample into three categories according to 
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the level of involvement of an insider in daily business activities of their firm. We expect that 

insiders who are more involved in daily business activities are more aware of potential changes 

in cash flow realizations compared to insiders being less involved, like shareholders. 

Consequently, the predictive power of AIT computed from more involved insiders’ transactions 

should be greater. 

In Table 4, we present results for the three subsamples in the same manner as results in 

Table 3. Table 4 shows results for the standard BBB spreads. In terms of robustness to other 

predictors, and to provide further insights into whether the strong relationship between AIT and 

default risk holds, Tables A1 to A3 present results for CCC to BB spreads. To make an 

interpretation of the 192 point estimates of all regressions reported in these four tables easier, 

we plot the 48 point estimates of univariate regressions in Figure 3. In Panel A, we plot the 

coefficients for the management subsample, in Panel B the coefficients for the non-executives 

subsample, and in Panel C, the coefficients for the shareholder subsample. Figure 3 shows that 

the more involved insiders are in daily business activities, the stronger the association between 

credit spreads and AIT is. This is because the management subsample (Panel A) exhibits the 

largest (in absolute terms) coefficients overall. Second, for the management (Panel A) and non-

executives subsample (Panel B), we find that the stronger association between credit spread 

changes and AIT is further associated with higher default risk level and a longer forecast 

horizon, consistent with findings in Table 3. At last, results for the shareholder subsample show 

no clear association between AIT, default risk and the forecast horizon, confirming Seyhun 

(1986) who finds that transactions of these insiders do not convey valuable information. 

Accordingly, the vast majority of point estimates are not significant (see Tables 4, A1-A3). 

We show the robustness of findings from univariate regressions (column (1)) by adding 

sets of other predictors in columns (2) to (4) in the same manner as in Table 3. For the 

management subsample, point estimates remain unaltered with respect to magnitude and 
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significance. As documented in previous analyses, the predictive power of AIT increases with 

forecast horizon, regardless of controlling for financial or macroeconomic indicators. 

For the non-executives subsample, the outcome is similar. With two exceptions, all point 

estimates are significant on the five percent level, increase with the forecast horizon and even 

the inclusion of the three principal components does not alter results. Yet, the magnitude of the 

point estimates is generally lower and exhibits greater variation than the ones for the 

management subsample. This finding suggests that in comparison to the management level 

subsample, other indicators have a greater influence on the predictive power of AIT. Put 

differently, this outcome suggests non-executives transactions to contain less valuable private 

information than management level insider transactions 

Following this reasoning, we indeed do not find any reliable evidence of AIT comprising 

shareholder transactions to have predictive power for future changes in credit spreads. As 

shown in Figure 3, Panel C, point estimates are substantially smaller (in absolute terms) and 

Table 4 exhibits that point estimates are just occasionally significant. These findings hold when 

changing the level of default risk (see Tables A1 to A3). 

  In sum, our results support the notion that insiders can anticipate and gauge changes in 

cash flow realizations better than their colleagues who are less involved in daily business 

activities. They suggest that insiders on management level seem to be most qualified in 

assessing firm level risk via changes in future cash flow realizations. This evidence translates 

into a consistent predictive power for future changes in aggregate corporate credit spreads. 

 

3.3.4 Net Purchasing, Net Selling and the Financial Crisis 

Previous sections have shown that AIT is a strong predictor of future changes in credit 

spreads. While AIT is mostly negative, it still comprises transactions from net purchasing and 

net selling insiders. In this section, we compute another two subsamples of AIT using 
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transactions executed by net purchasing and net selling insiders, respectively, and examine 

whether the predictive power of AIT stems from the private information conveyed by net 

purchasing and/or net selling insiders. We also assess whether the financial crisis of 2007/08 

drives our results. 

Studies investigating the equity premium show that the predictive power of some 

variables is confined to recession periods (Henkel et al. 2011, Dangl and Halling 2012). 

Furthermore, studies examining insider trading on firm level show that insiders yield abnormal 

profits with purchases but not with sales (Finnerty 1976, Jeng et al. 2003). These studies mainly 

relate the poor performance of sales to liquidity needs or tax evasion strategies (Kallunki et al. 

2009, Tavakoli et al. 2012). We alleviate concerns that results are spurious because we exclude 

pre-planned transactions according to SEC rule 10b-5 and apply the Rozeff and Zaman (1988) 

which drops firms with contradictory insider transactions, likely occurring due to liquidity 

needs.  

Examining whether our results are driven by the 2007/08 financial crisis, we run monthly 

predictive regressions of credit spread changes on AIT, an interaction term and a recession 

dummy, which is unity if the NBER defines a period as recession. In Table 5, we report results 

for all levels of default risk (Panel A to D) and AIT subsamples. It is evident that our results 

are not solely driven by the occurrence of the 2007/08 financial crisis. While on average this 

finding holds regardless of the level of default risk, we observe differences in the predictive 

power when considering how closely involved insiders are in daily business activities. 

For the sample comprising all insiders and the one comprising management level insiders, 

there is no difference in the predictive power between expansions and the crisis period. 

However, for the subsamples comprising non-executive insiders and shareholders, the 

predictive power is much higher during the crisis, particularly for the shareholder subsample. 

An explanation for this finding is that during times of financial turmoil, insiders have a closer 

look at the performance of the firm they are associated with. Consistent with this explanation, 
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we interestingly observe an inverse pattern during the crisis compared to the one found in 

previous analyses: the less involved an insider is in daily business activities, the higher the 

predictive power during the crisis. Table 5 shows that it is also valuable to consider insider 

transactions executed by insiders, which, at first glance, seem to have less private information 

about the firm, i.e. non-executives and shareholders. Hence, Table 5 shows that if outside 

investors take into account aggregate inside information from insiders whose transactions seem 

to be less valuable at first glance, they can rely on the predictive power of AIT, regardless of 

whether the economy faces an expansion or not. 

Next, we examine the predictive power of AIT by separating net selling insiders from net 

purchasing insiders. Since our sample consists of more sell than purchase transactions, it is 

interesting to assess whether sell and/or purchase transactions contribute to the predictive power 

for future credit spread changes. We run monthly predictive regressions of the standard BBB 

spread on AIT subsamples and again assess whether results differ during the 2007/08 crisis. 

Table 6 reports results for net selling insiders in Panel A and for net purchasing insiders in Panel 

B.  

For net selling insiders (Table 6, Panel A), we find significant and negative point 

estimates of univariate regressions for all subsamples. Using an interaction term model, we do 

not find the predictive power to be higher or lower during the financial crisis on average, which 

points to the reliability of the informational content of these insiders’ transactions. In line with 

previous results, we find that AITs comprising net selling insiders who are more involved in 

daily business activities, i.e. management level insiders, exhibit the highest predictive power 

for future credit spread changes. Furthermore, it is important to note that the interaction term 

for the shareholder subsample is significant at the 1 percent level. This result is noteworthy 

because we generally do not find evidence that the shareholder subsample has predictive power. 

It corroborates the notion that during the crisis insiders have a closer look at the cash flows of 

their firm to identify potential economic threats. 
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Turning towards net purchasing insiders in Table 6, Panel B, we find no significant 

relation between net purchasing insiders and future credit spread changes on average. However, 

regressions including an interaction term reveal that net purchases do have predictive power, 

which seems to be blurred by the turmoil during the financial crisis. The point estimates of the 

main terms are quantitatively similar for both, net selling and net purchasing insiders, 

suggesting that sales and purchases should be considered jointly. As pointed out in the case of 

net selling insiders, the interaction term for the shareholder subsample is again significant 

supporting that insiders less involved in daily business activities monitor cash flows in their 

firms more closely during times of financial turmoil. 

In sum, Tables 5 and 6 show that the predictive power of AIT is not confined to the 

2007/08 crisis and stems from both sell and purchase transactions as measured by distinguishing 

between net selling and net purchasing insiders. While transactions of net sellers have a greater 

predictive power with respect to the full sample, transactions of net purchasers do have 

predictive power on average, which, however, seems confined to expansions. 

 

3.4 Conclusion 

This paper provides novel and robust evidence that aggregate insider trading (AIT) 

predicts aggregate default risk as measured by changes in corporate credit spreads. Our findings 

are robust to the inclusion of additional predictors of risk commonly used by the literature and 

reveal that AIT is most valuable for predicting annual changes in credit spreads. Increasing the 

forecast horizon gradually from a monthly to an annual horizon doubles the point estimates. 

This finding is economically meaningful as a one standard deviation increase in AIT translates 

into a decrease of up to 72 percent of the standard deviation of annual credit spread changes. 

Taking advantage of the heterogeneity among insiders, we set up three subsamples in 

order to enquire which transactions have the greatest predictive power. Categorizing insiders 
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according to their level of involvement in daily business activities, we show that the predictive 

power of AIT computed from insiders on management level, i.e. closely involved insiders, is 

largest. This finding suggests that management level insiders seem to be best at assessing 

changes in future cash flow realizations of their firm, which will finally translate into default 

risk on aggregate level. Furthermore, we find that point estimates double each time we increase 

the level of aggregate default risk from BBB to CCC spreads. This finding supports the notion 

that insider trading is related to the default risk of a firm.  

Since research on the predictability of the equity premium finds that the predictive power 

of some variables is due to recessions, we use an interaction term model to distinguish between 

the 2007/08 financial crisis and expansions. Our results reveal that the crisis on average does 

not affect the predictive power of AIT with the exception of the shareholder subsample, which 

reflects less involved insiders. While generally, we do not find the shareholder subsample to 

have predictive power for future credit spread changes, we find evidence of this being the case 

during the crisis. An explanation for that outcome is that insiders who are less involved in daily 

business activities monitor their firm more closely in times of financial turmoil and react 

quicker to cash flow news than normal. 

Finally, computing another two subsamples of AIT using transactions of net selling and 

net purchasing insiders, respectively, reveals that the predictive power of AIT mainly stems 

from net selling insiders’ transactions. However, an interaction term model provides evidence 

that AIT computed from transactions of net purchasing insiders does predict future credit 

spreads during expansions. Notably, the magnitude of the main term coefficients is 

quantitatively similar across net purchasing and net selling insiders, suggesting that it is 

necessary to consider both, purchase and sell transactions when predicting future credit spread 

changes. 

Overall, our study shows that portfolio and risk managers can use insider trading 

information provided by Form 4 filings to adjust their trading strategy according to future levels 
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of aggregate default risk as measured by corporate credit spread changes. Most importantly, our 

results exhibit that outside investors should take the heterogeneity of insiders into account.  
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Figure 1: Aggregate Insider Trading 

This figure shows the trajectory of our measure of AIT using transactions from January 2004 until December 2016. 

The black line depicts AIT (left axis) and the grey line depicts the annual BBB-AAA spread change (right axis). 
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Figure 2: Aggregate Insider Trading, Forecast Horizons and Default Risk Levels 

This figure depicts the point estimates of the model Δ𝐶𝑆𝑡,𝑠,𝑖 = 𝛼 + 𝛽 ⋅ 𝐴𝐼𝑇𝑡−𝑖 + 𝛏𝚪𝐭−𝐢 + 𝜀𝑡,𝑠, where Δ𝐶𝑆𝑡,𝑠,𝑖 is the 

corporate credit spread change, 𝑖 indicates a forecast horizon of 1, 3, 6, or 12 months and 𝑠 indicates either spreads based 

on a CCC, B, BB, or BBB rated yield index relative to the AAA yield index. 𝐴𝐼𝑇𝑡−𝑖 is our measure of aggregate insider, 

trading adjusted for a structural break which we standardize to have a mean of zero and a standard deviation of unity. 
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Figure 3: Aggregate Insider Trading Subsamples, Forecast Horizons and Default Risk Levels 

This figure depicts the point estimates from of the model Δ𝐶𝑆𝑡,𝑠,𝑖 = 𝛼 + 𝛽 ⋅ 𝐴𝐼𝑇𝑡−𝑖 + 𝛏𝚪𝐭−𝐢 + 𝜀𝑡,𝑠,𝑖, where Δ𝐶𝑆𝑡,𝑠,𝑖 is the 

corporate credit spread change, 𝑖 indicates a forecast horizon of 1, 3, 6, or 12 months and 𝑠 indicates either spreads based 

on a CCC, B, BB, or BBB rated yield index. 𝐴𝐼𝑇𝑡−𝑖 is our measure of aggregate insider, trading adjusted for a structural 

break which we standardize to have a mean of zero and a standard deviation of unity. Panel A depicts results for the 

management subsample, Panel B results for the non-executives subsample and Panel C results for the shareholder 

subsample. 
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Table 1: Sample Characteristics and Descriptive Statistics 

This table reports the number of firms, transactions, insiders and type of the transactions for the full sample (All Insiders) 

and the management, non-executives, and shareholder subsamples in Panel A before monthly aggregation. Panel B reports 

descriptive statistics of the AIT of the subsamples, ranging from January 2004 until December 2016.  

          

Panel A - Sample Characteristics 

 All Insiders Management Non-Executives Shareholder 

Firms 6,564 4,576 3,201 456 

Transactions 813,330 481,551 85,098 22,289 

Insiders 62,714 34,624 15,250 1,747 

Purchases 121,378 30,177 38,009 5,462 

Sales 691,952 451,374 47,089 16,827 

          

Panel B - Descriptive Statistics 

 All Insiders Management Non-Executives Shareholder 

Mean -42,638 -31,595 -626 -832 

Std. Dev. 32,818 23,703 1,962 1,022 

Min -123,192 -99,062 -4,190 -3,340 

Max -1,140 -5,034 4,403 1,072 
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Table 2: Aggregate Insider Trading and Corporate Credit Spread Changes 

This table reports results of the model Δ𝐶𝑆𝑡,𝐵𝐵𝐵,𝑖 = 𝛼 + 𝛽 ⋅ 𝐴𝐼𝑇𝑡−𝑖 + 𝛏𝚪𝐭−𝐢 + 𝜀𝑡,𝐵𝐵𝐵,𝑖 where Δ𝐶𝑆𝑡,𝐵𝐵𝐵,𝑖 is the corporate credit spread change. The credit is spread is defined as the BBB 

yield index relative to the AAA rated yield index and 𝑖 indicates a forecast horizon of 1, 3, 6, or 12 months. 𝐴𝐼𝑇𝑡−𝑖 is our measure of aggregate insider trading, adjusted for a structural 

break, which we standardize to have a mean of zero and a standard deviation of unity. 𝚪𝐭−𝐢 is a vector of lagged control variables taking the continuously compounded annual returns on 

the value-weighted CRSP index (Stock) and the BofaML Corporate Bond Yield Master Index (Bond), respectively. Standard errors are HAC using the Newey and West (1987; 1994) 

automatic bandwidth selection and reported in parentheses. ***, **, * indicate significance on the 1%, 5%, and 10% level, respectively. 

            

  Monthly   Quarterly   Semi-Annual   Annual 
 w/o past returns w/ past returns  w/o past returns w/ past returns  w/o past returns w/ past returns  w/o past returns w/ past returns 

                        

All Insiders -0.049*** -0.064***  -0.160*** -0.169***  -0.332*** -0.332***  -0.603*** -0.586*** 
 (0.013) (0.018)  (0.027) (0.044)  (0.047) (0.086)  (0.102) (0.154) 

Stock  -0.014   0.140   0.243   0.260 
  (0.129)   (0.397)   (0.757)   (0.866) 

Bond  -0.757*   -1.155**   -1.088   -0.208 
  (0.410)   (0.526)   (0.874)   (1.450) 
            

adj. R² 0.021 0.037   0.120 0.129   0.253 0.251   0.520 0.515 
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Table 3: Aggregate Insider Trading and Corporate Credit Spread Changes by Default Risk Level 

This table reports results of the model Δ𝐶𝑆𝑡,𝑠,𝑖 = 𝛼 + 𝛽 ⋅ 𝐴𝐼𝑇𝑡−𝑖 + 𝛏𝚪𝐭−𝐢 + 𝜀𝑡,𝑠,𝑖, where Δ𝐶𝑆𝑡,𝑠,𝑖 is the corporate credit spread change, 𝑖 indicates a forecast horizon of 1, 3, 6, or 12 months 

and 𝑠 indicates either spreads based on a CCC, B, BB, or BBB rated yield index relative to the AAA rated yield index. 𝐴𝐼𝑇𝑡−𝑖 is our measure of aggregate insider trading, adjusted for a 

structural break, which we standardize to have a mean of zero and a standard deviation of unity. 𝚪𝐭−𝐢 is a vector of lagged control variables. In columns labelled (1), no control variable is 

included. In Column (2), we include the VIX, the term spread, and monthly inflation. In Column (3), we add the financial and macroeconomic risk indices from Jurado et al. (2015) as 

well as the policy uncertainty index from Baker et al. (2016), which provide an efficient combination of financial and macroeconomic time series. In Column (4), we add the first three 

principal components of the FRED-MD dataset provided via McCracken and Ng (2015). Standard errors are HAC using the Newey and West (1987; 1994) automatic bandwidth selection 

and reported in parentheses. ***, **, * indicate significance on the 1%, 5%, and 10% level, respectively. 

                                          

  Monthly  Quarterly  Semi-Annual  Annual 

  (1) (2) (3) (4)  (1) (2) (3) (4)  (1) (2) (3) (4)  (1) (2) (3) (4) 

                                          

CCC Coef -0.408*** -0.465*** -0.541** -0.412**  -1.193*** -1.113*** -1.368*** -1.242***  -2.429*** -2.052*** -2.053*** -2.060***  -4.353*** -4.063*** -4.293*** -4.637*** 

 SE (0.132) (0.174) (0.217) (0.161)  (0.332) (0.281) (0.427) (0.376)  (0.585) (0.484) (0.544) (0.500)  (0.866) (0.743) (0.850) (0.969) 

 adj. R² 0.069 0.071 0.099 0.276  0.146 0.152 0.203 0.241  0.247 0.284 0.248 0.247  0.516 0.528 0.559 0.534 

                     

B Coef -0.206*** -0.221*** -0.232*** -0.216***  -0.599*** -0.663*** -0.661*** -0.642***  -1.144*** -1.243*** -1.306*** -1.201***  -1.939*** -2.172*** -2.248*** -2.090*** 

 SE (0.041) (0.054) (0.060) (0.049)  (0.103) (0.123) (0.151) (0.129)  (0.189) (0.238) (0.205) (0.184)  (0.439) (0.360) (0.406) (0.346) 

 adj. R² 0.066 0.062 0.066 0.061  0.182 0.231 0.217 0.205  0.312 0.356 0.346 0.330  0.540 0.601 0.626 0.599 

                     

BB Coef -0.112*** -0.115*** -0.103*** -0.123***  -0.329*** -0.348*** -0.329*** -0.365***  -0.623*** -0.629*** -0.681*** -0.694***  -1.143*** -1.300*** -1.280*** -1.281*** 

 SE (0.021) (0.035) (0.030) (0.028)  (0.060) (0.065) (0.064) (0.084)  (0.119) (0.159) (0.126) (0.124)  (0.242) (0.216) (0.192) (0.270) 

 adj. R² 0.040 0.027 0.029 0.033  0.114 0.114 0.140 0.124  0.209 0.259 0.270 0.243  0.480 0.625 0.602 0.578 

                     

BBB Coef -0.049*** -0.081*** -0.064*** -0.059**  -0.160*** -0.242*** -0.241*** -0.184***  -0.332*** -0.447*** -0.407*** -0.408***  -0.603*** -0.358*** -0.377*** -0.321*** 

 SE (0.013) (0.018) (0.020) (0.027)  (0.027) (0.031) (0.052) (0.036)  (0.047) (0.046) (0.045) (0.038)  (0.102) (0.074) (0.064) (0.101) 

  adj. R² 0.021 -0.007 0.000 -0.018   0.120 0.127 0.119 0.083   0.253 0.520 0.506 0.509   0.520 0.393 0.546 0.345 

 

 

 



114 

 

Table 4: Aggregate Insider Trading Subsamples and BBB Spreads 

This table reports results of the model Δ𝐶𝑆𝑡,𝐵𝐵𝐵,𝑖 = 𝛼 + 𝛽 ⋅ 𝐴𝐼𝑇𝑡−𝑖 + 𝛏𝚪𝐭−𝐢 + 𝜀𝑡,𝑠,𝑖, where Δ𝐶𝑆𝑡,𝐵𝐵𝐵,𝑖 is the corporate credit spread change. The credit is spread is defined as the BBB yield 

index relative to the AAA rated yield index and 𝑖 indicates a forecast horizon of 1, 3, 6, or 12 months. 𝐴𝐼𝑇𝑡−𝑖 is our measure of aggregate insider trading, adjusted for a structural break, 

which we standardize to have a mean of zero and a standard deviation of unity. 𝚪𝐭−𝐢 is a vector of lagged control variables. In columns labelled (1), no control variable is included. In 

Column (2), we include the VIX, the term spread, and monthly inflation. In Column (3), we add the financial and macroeconomic risk indices from Jurado et al. (2015) as well as the 

policy uncertainty index from Baker et al. (2016), which provide an efficient combination of financial and macroeconomic time series. In Column (4), we add the first three principal 

components of the FRED-MD dataset provided via McCracken and Ng (2015). Standard errors are HAC using the Newey and West (1987; 1994) automatic bandwidth selection and 

reported in parentheses. ***, **, * indicate significance on the 1%, 5%, and 10% level, respectively. 

                                          

  Monthly  Quarterly  Semi-Annual  Annual 

  (1) (2) (3) (4)  (1) (2) (3) (4)  (1) (2) (3) (4)  (1) (2) (3) (4) 

Management Coef -0.051*** -0.050** -0.055*** -0.040**  -0.162*** -0.157*** -0.175*** -0.126***  -0.330*** -0.314*** -0.346*** -0.288***  -0.584*** -0.547*** -0.584*** -0.563*** 

 SE (0.015) (0.024) (0.021) (0.020)  (0.045) (0.043) (0.058) (0.040)  (0.090) (0.077) (0.094) (0.065)  (0.115) (0.083) (0.082) (0.090) 

 adj. R² 0.023 0.038 0.023 0.076  0.123 0.109 0.143 0.408  0.251 0.265 0.289 0.409  0.490 0.598 0.621 0.578 

                     

Non-Executives Coef -0.025 -0.087** -0.100** -0.076***  -0.103** -0.151*** -0.285*** -0.189***  -0.144 -0.175** -0.293*** -0.225***  -0.301*** -0.279*** -0.318*** -0.291*** 

 SE (0.020) (0.042) (0.041) (0.027)  (0.045) (0.046) (0.109) (0.037)  (0.105) (0.085) (0.082) (0.057)  (0.095) (0.071) (0.119) (0.094) 

 adj. R² 0.000 0.068 0.043 0.105  0.045 0.065 0.185 0.460  0.043 0.086 0.106 0.303  0.128 0.252 0.201 0.211 

                     

Shareholder Coef -0.035* -0.045 -0.047 -0.049*  -0.060 -0.058 -0.087 -0.061**  -0.088 -0.057 -0.115 -0.080  -0.031 0.048 -0.026 0.027 

 SE (0.021) (0.030) (0.032) (0.026)  (0.040) (0.043) (0.063) (0.027)  (0.070) (0.063) (0.096) (0.062)  (0.073) (0.081) (0.115) (0.093) 

  adj. R² 0.007 0.032 0.010 0.082   0.011 0.004 0.024 0.347   0.011 0.044 0.035 0.229   -0.006 0.178 0.133 0.122 
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Table 5: Predictive Power of AIT – Crisis versus Expansion 

 
This table reports results of the model Δ𝐶𝑆𝑡,𝑠 = 𝛼 + 𝛽 ⋅ 𝐴𝐼𝑇𝑡−1 + 𝛿 ⋅ 𝐴𝐼𝑇𝑡−1 ⋅ 𝑅𝑒𝑐𝑒𝑠𝑠𝑖𝑜𝑛𝑡 + 𝜂 ⋅ 𝑅𝑒𝑐𝑒𝑠𝑠𝑖𝑜𝑛𝑡 + 𝜀𝑡,𝑠, where Δ𝐶𝑆𝑡,𝑠 is the monthly corporate credit spread change and 𝑠 

indicates either spreads based on a CCC, B, BB, or BBB rated yield index relative to the AAA rated yield index. 𝑅𝑒𝑐𝑒𝑠𝑠𝑖𝑜𝑛𝑡 is a dummy equaling unity if the NBER defines a month as 

recession. 𝐴𝐼𝑇𝑡−1 is our measure of aggregate insider trading, adjusted for a structural break, which we standardize to have a mean of zero and a standard deviation of unity. Standard 

errors are HAC using the Newey and West (1987; 1994) automatic bandwidth selection and reported in parentheses. ***, **, * indicate significance on the 1%, 5%, and 10% level, 

respectively. 

                    
 Panel A: CCC Spreads  Panel B: B Spreads 

 All Insiders Management Non-Executives Shareholders  All Insiders Management Non-Executives Shareholders 

                    

AIT -0.284*** -0.219*** -0.270*** -0.126*  -0.151*** -0.116*** -0.132*** -0.051 
 (0.081) (0.076) (0.066) (0.075)  (0.033) (0.035) (0.033) (0.037) 

AITxRecession -0.400 -0.449 -1.553** -0.670*  -0.186** -0.214** -0.831*** -0.896*** 
 (0.268) (0.280) (0.662) (0.389)  (0.092) (0.094) (0.290) (0.189) 

Recession 0.817* 0.267 3.427*** 0.729  0.407** 0.135 1.798*** 0.585** 
 (0.489) (0.438) (1.244) (0.709)  (0.202) (0.169) (0.561) (0.287) 

          

adj. R² 0.096 0.080 0.142 0.029   0.089 0.073 0.145 0.178 
          

                   
 Panel C: BB Spreads  Panel D: BBB Spreads 

 All Insiders Management Non-Executives Shareholders  All Insiders Management Non-Executives Shareholders 

                   

AIT -0.134*** -0.102*** -0.099*** -0.050*  -0.063*** -0.048*** -0.053*** -0.024 
 (0.031) (0.035) (0.033) (0.027)  (0.016) (0.017) (0.016) (0.017) 

AITxRecession 0.013 -0.013 -0.322* -0.440***  0.010 -0.004 -0.106 -0.134** 
 (0.063) (0.068) (0.187) (0.103)  (0.029) (0.032) (0.072) (0.056) 

Recession 0.242* 0.137 0.867** 0.361**  0.136** 0.090 0.370*** 0.166** 
 (0.142) (0.121) (0.394) (0.156)  (0.058) (0.058) (0.142) (0.068) 

          

adj. R² 0.049 0.032 0.068 0.105   0.031 0.020 0.036 0.032 
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Table 6: Net Selling Insiders versus Net Purchasing Insiders 

This table reports results of the model Δ𝐶𝑆𝑡,𝐵𝐵𝐵 = 𝛼 + 𝛽 ⋅ 𝑋𝑡−1 + 𝜀𝑡,𝐵𝐵𝐵,𝑖, where Δ𝐶𝑆𝑡,𝐵𝐵𝐵 is the corporate credit spread change. The monthly credit spread is defined as the BBB yield 

index relative to the AAA rated yield index. 𝑋𝑡−1 is a measure of aggregate insider trading, adjusted for a structural break, and either covers transactions from net selling insiders (Panel 

A) or transactions from net purchasing insiders (Panel B). Net selling/purchasing insiders are defined per month. 𝑋𝑡−1 is standardized to have a mean of zero and a standard deviation of 

unity. Standard errors are HAC using the Newey and West (1987; 1994) automatic bandwidth selection and reported in parentheses. ***, **, * indicate significance on the 1%, 5%, and 

10% level, respectively. 

            

  Panel A: Sales 
 All Insiders  Management  Non-Executives  Shareholder 

                     

AIT -0.051*** -0.049***  -0.050*** -0.044***  -0.039** -0.028**  -0.037* -0.017 
 (0.013) (0.017)  (0.015) (0.016)  (0.015) (0.012)  (0.020) (0.014) 

AITxRecession  -0.004   -0.008   -0.030   -0.146*** 
  (0.032)   (0.034)   (0.077)   (0.041) 

Recession  0.101*   0.080   0.051   0.104** 
  (0.057)   (0.060)   (0.100)   (0.052) 
            

adj. R² 0.023 0.022   0.023 0.018   0.010 0.003   0.009 0.036 
            

            

             

 Panel B: Purchases 
 All Insiders  Management  Non-Executives  Shareholder 

                     

AIT -0.002 -0.051***  -0.001 -0.047**  0.004 -0.055**  -0.013 -0.043** 
 (0.023) (0.019)  (0.023) (0.021)  (0.025) (0.023)  (0.025) (0.017) 

AITxRecession  -0.097   -0.124   -0.099   -0.107* 
  (0.088)   (0.101)   (0.068)   (0.060) 

Recession  0.419**   0.463**   0.457***   0.369*** 
  (0.191)   (0.217)   (0.168)   (0.140) 
            

adj. R² -0.006 0.014   -0.007 0.014   -0.006 0.011   -0.005 0.022 
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Appendix 

Table A1: Aggregate Insider Trading Subsamples and CCC Spreads 

This table reports results of the model Δ𝐶𝑆𝑡,𝐶𝐶𝐶,𝑖 = 𝛼 + 𝛽 ⋅ 𝐴𝐼𝑇𝑡−𝑖 + 𝛏𝚪𝐭−𝐢 + 𝜀𝑡,𝐶𝐶𝐶,𝑖, where Δ𝐶𝑆𝑡,𝐶𝐶𝐶,𝑖 is the corporate credit spread change. The credit is spread is defined as the CCC 

yield index relative to the AAA rated yield index and 𝑖 indicates a forecast horizon of 1, 3, 6, or 12 months.  𝐴𝐼𝑇𝑡−𝑖 is our measure of aggregate insider trading, adjusted for a structural 

break and 𝚪𝐭−𝐢 is a vector of lagged control variables. In columns labelled (1), no control variable is included. In Column (2), we include the VIX, the term spread, and monthly inflation. 

In Column (3), we add the financial and macroeconomic risk indices from Jurado et al. (2015) as well as the policy uncertainty index from Baker et al. (2016), which provide an efficient 

combination of financial and macroeconomic time series. In Column (4), we add the first three principal components of the FRED-MD dataset provided via McCracken and Ng (2015). 

Standard errors are HAC using the Newey and West (1987; 1994) automatic bandwidth selection and reported in parentheses. ***, **, * indicate significance on the 1%, 5%, and 10% level, 

respectively. 

                                          

  Monthly  Quarterly  Semi-Annual  Annual 

   (1) (2) (3) (4)  (1) (2) (3) (4)  (1) (2) (3) (4)  (1) (2) (3) (4) 

Management Coef -0.398** -0.398** -0.426** -0.297*  -1.183*** -1.249*** -1.252*** -0.966***  -2.390*** -2.307*** -2.400*** -2.136***  -4.164*** -4.011*** -3.949*** -4.144*** 

 SE (0.161) (0.178) (0.196) (0.158)  (0.446) (0.326) (0.479) (0.360)  (0.825) (0.548) (0.724) (0.540)  (0.818) (0.767) (0.672) (0.776) 

 adj. 

R² 
0.066 0.052 0.065 0.245  0.143 0.161 0.174 0.361  0.239 0.337 0.295 0.384  0.475 0.648 0.622 0.594 

                     

Non-Executives Coef -0.239* -0.468** -0.714** -0.521***  -0.747* -0.718*** -1.597** -1.216***  -1.178 -0.604 -1.260** -1.321***  -2.541*** -1.905*** -1.502* -2.096*** 

 SE (0.140) (0.200) (0.325) (0.167)  (0.388) (0.245) (0.659) (0.303)  (0.798) (0.679) (0.563) (0.446)  (0.698) (0.443) (0.861) (0.637) 

 adj. 

R² 
0.019 0.048 0.094 0.296  0.053 0.035 0.138 0.378  0.053 0.125 0.082 0.245  0.177 0.286 0.227 0.212 

                     

Shareholder Coef -0.188* -0.218 -0.250 -0.218**  -0.180 -0.148 -0.242 -0.131  -0.657 -0.215 -0.594 -0.418  -0.498 0.230 -0.024 0.070 

 SE (0.103) (0.135) (0.172) (0.087)  (0.164) (0.179) (0.273) (0.268)  (0.454) (0.389) (0.599) (0.392)  (0.682) (0.588) (0.706) (0.612) 

  
adj. 

R² 
0.009 0.001 0.007 0.224   -0.003 -0.000 0.011 0.263   0.011 0.117 0.063 0.198   -0.000 0.223 0.204 0.128 

 

 

 

 

 



118 

 

Table A2: Aggregate Insider Trading Subsamples and B Spreads 

This table reports results of the model Δ𝐶𝑆𝑡,𝐵,𝑖 = 𝛼 + 𝛽 ⋅ 𝐴𝐼𝑇𝑡−𝑖 + 𝛏𝚪𝐭−𝐢 + 𝜀𝑡,𝐵,𝑖, where Δ𝐶𝑆𝑡,𝐵,𝑖  is the corporate credit spread change. The credit is spread is defined as the B yield index 

relative to the AAA rated yield index and 𝑖 indicates a forecast horizon of 1, 3, 6, or 12 months.  𝐴𝐼𝑇𝑡−𝑖 is our measure of aggregate insider trading, adjusted for a structural break, which 

we standardize to have a mean of zero and a standard deviation of unity. 𝚪𝐭−𝐢 is a vector of lagged control variables. In columns labelled (1), no control variable is included. In Column 

(2), we include the VIX, the term spread, and monthly inflation. In Column (3), we add the financial and macroeconomic risk indices from Jurado et al. (2015) as well as the policy 

uncertainty index from Baker et al. (2016), which provide an efficient combination of financial and macroeconomic time series. In Column (4), we add the first three principal components 

of the FRED-MD dataset provided via McCracken and Ng (2015). Standard errors are HAC using the Newey and West (1987; 1994) automatic bandwidth selection and reported in 

parentheses. ***, **, * indicate significance on the 1%, 5%, and 10% level, respectively. 

                                         

   Monthly  Quarterly  Semi-Annual  Annual 

  (1) (2) (3) (4)  (1) (2) (3) (4)  (1) (2) (3) (4)  (1) (2) (3) (4) 

Management Coef -0.202*** -0.185*** -0.212*** -0.159***  -0.595*** -0.566*** -0.620*** -0.493***  -1.125*** -1.040*** -1.128*** -1.038***  -1.842*** -1.694*** -1.766*** -1.833*** 

 SE (0.062) (0.069) (0.073) (0.057)  (0.171) (0.116) (0.168) (0.112)  (0.294) (0.162) (0.231) (0.168)  (0.339) (0.336) (0.302) (0.353) 

 adj. R² 0.063 0.067 0.053 0.179  0.179 0.242 0.221 0.475  0.302 0.466 0.382 0.424  0.490 0.695 0.667 0.630 

                     

Non-Executives Coef -0.122** -0.237** -0.318** -0.246***  -0.354** -0.272*** -0.645*** -0.478***  -0.471 -0.193 -0.372 -0.439*  -1.102*** -0.893*** -0.693* -0.855*** 

 SE (0.056) (0.118) (0.137) (0.080)  (0.150) (0.104) (0.228) (0.093)  (0.320) (0.284) (0.292) (0.230)  (0.251) (0.252) (0.400) (0.325) 

 adj. R² 0.019 0.073 0.059 0.212  0.059 0.103 0.124 0.435  0.048 0.217 0.091 0.198  0.176 0.369 0.252 0.223 

                     

Shareholder Coef -0.152 -0.144 -0.183 -0.167*  -0.214 -0.115 -0.250 -0.155*  -0.278 -0.025 -0.261 -0.154  -0.152 0.194 0.000 0.120 

 SE (0.103) (0.108) (0.138) (0.095)  (0.146) (0.113) (0.212) (0.093)  (0.264) (0.186) (0.295) (0.183)  (0.361) (0.235) (0.325) (0.260) 

  adj. R² 0.032 0.041 0.025 0.178   0.017 0.085 0.048 0.360   0.012 0.213 0.091 0.172   -0.004 0.298 0.227 0.154 
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Table A3: Aggregate Insider Trading Subsamples and BB Spreads 

This table reports results of the model Δ𝐶𝑆𝑡,𝐵𝐵,𝑖 = 𝛼 + 𝛽 ⋅ 𝐴𝐼𝑇𝑡−𝑖 + 𝛏𝚪𝐭−𝐢 + 𝜀𝑡,𝐵𝐵,𝑖, where Δ𝐶𝑆𝑡,𝐵𝐵  is the corporate credit spread change. The credit is spread is defined as the BB yield 

index relative to the AAA rated yield index and 𝑠 indicates a forecast horizon of 1, 3, 6, or 12 months.  𝐴𝐼𝑇𝑡−𝑖 is our measure of aggregate insider trading, adjusted for a structural break, 

which we standardize to have a mean of zero and a standard deviation of unity. 𝚪𝐭−𝐢 is a vector of lagged control variables. In columns labelled (1), no control variable is included. In 

Column (2), we include the VIX, the term spread, and monthly inflation. In Column (3), we add the financial and macroeconomic risk indices from Jurado et al. (2015) as well as the 

policy uncertainty index from Baker et al. (2016), which provide an efficient combination of financial and macroeconomic time series. In Column (4), we add the first three principal 

components of the FRED-MD dataset provided via McCracken and Ng (2015). Standard errors are HAC using the Newey and West (1987; 1994) automatic bandwidth selection and 

reported in parentheses. ***, **, * indicate significance on the 1%, 5%, and 10% level, respectively. 

                                          

  Monthly  Quarterly  Semi-Annual  Annual 

  (1) (2) (3) (4)  (1) (2) (3) (4)  (1) (2) (3) (4)  (1) (2) (3) (4) 

Management Coef -0.110*** -0.102** -0.119*** -0.079**  -0.325*** -0.306*** -0.349*** -0.249***  -0.613*** -0.558*** -0.633*** -0.536***  -1.097*** -1.002*** -1.075*** -1.058*** 

 SE (0.034) (0.044) (0.045) (0.038)  (0.106) (0.086) (0.119) (0.075)  (0.202) (0.132) (0.185) (0.128)  (0.240) (0.211) (0.189) (0.223) 

 adj. R² 0.038 0.035 0.034 0.173  0.111 0.137 0.144 0.412  0.202 0.313 0.280 0.347  0.445 0.629 0.607 0.563 

                     

Non-Executives Coef -0.062* -0.145** -0.206** -0.157***  -0.207** -0.183** -0.475** -0.337***  -0.232 -0.069 -0.276 -0.268*  -0.614*** -0.490*** -0.479** -0.530** 

 SE (0.032) (0.070) (0.094) (0.054)  (0.087) (0.077) (0.203) (0.086)  (0.215) (0.205) (0.180) (0.147)  (0.171) (0.135) (0.240) (0.207) 

 adj. R² 0.008 0.048 0.056 0.217  0.041 0.059 0.130 0.437  0.023 0.146 0.079 0.218  0.138 0.326 0.221 0.225 

                     

Shareholder Coef -0.095* -0.102 -0.123 -0.112**  -0.181** -0.144* -0.235 -0.166**  -0.240* -0.115 -0.283 -0.191*  -0.194 -0.001 -0.157 -0.059 

 SE (0.053) (0.069) (0.080) (0.053)  (0.087) (0.080) (0.150) (0.066)  (0.136) (0.104) (0.185) (0.105)  (0.214) (0.133) (0.198) (0.145) 

  adj. R² 0.026 0.031 0.030 0.192   0.029 0.055 0.062 0.373   0.024 0.152 0.098 0.208   0.007 0.266 0.192 0.152 
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[CV not displayed due to data protection] 
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