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Summary

This dissertation consists of three independent papers.

The first paper investigates the role of incomplete investor information in financial
innovations. We analyze the information that structured product issuers provide to the
investors and find that issuers have an information advantage over investors regarding two
important valuation parameters: volatility and dividends. This advantage allows issuers
to push overpriced securities to investors and induces them to design products with large
information frictions. The insights are of systemic importance because they suggest that
product issuers’ behavior increases information frictions in the financial system.

The second paper examines the role of obfuscation in the market for structured prod-
ucts. By exploiting the staggered adoption of a price disclosure policy, I show that issuers
subject to price disclosure significantly increase the complexity of their products. Further,
I provide evidence that complexity significantly reduces the price elasticity of demand,
thus raising the concern that complexity induces social welfare costs.

The third paper proposes an explanation for the empirically documented relation
between the value factor and the investment factor of the Fama-French five-factor model:
Investors observing that a firm decreases its investment perceive the firm as riskier, and
therefore adjust their valuations of the firm downwards. Consequently, the firm’s book-to-
market ratio increases. In support of this conjecture, we find considerable overlap between
the factor-mimicking portfolios of the value and the investment factor. We show that this
overlap is driven by stocks that experience an increase in their book-to-market ratios due
to a decrease in their market values. Moreover, our results show that these value stocks
behave like low investment stocks and thus earn a premium. Together with actual low

investment stocks, these stocks are primarily responsible for the value premium.



Zusammenfassung

Die vorliegende Dissertation besteht aus drei unabhéngigen Studien.

Die erste Studie untersucht die Rolle von Informationsfriktionen von Investoren im
Markt fiir Finanzinnovationen. Wir zeigen, dass Emittenten von strukturierten Pro-
dukte gegeniiber Investoren insbesondere beziiglich zwei Parametern iiber einen Infor-
mationsvorteil verfiigen: Volatilitat und Dividenden. Diesen Vorteil ermdglicht es Emit-
tenten tiberteuerte Produkte zu verkaufen und verleitet sie dazu die Produkte zu ihren
Gunsten zu gestalten. Diese Erkenntnisse sind wichtig, weil dieses Verhalten der Emit-
tenten zu noch grosseren Informationsfriktionen fithren kann.

Die zweite Studie untersucht die Rolle von Verschleierungstaktiken im Markt fiir struk-
turierte Produkte. Anhand einer zu verschiedenen Zeitpunkten adaptierten Preistrans-
parenzrichtlinie zeige ich, dass Emittenten die Komplexitat ihrer Produkte erhohen sobald
sie anfangen die Preise auszuweisen. Zudem zeige ich, dass Komplexitit zu einer re-
duzierten Preissensitivitdt der Investoren fithrt. Diese Erkenntnisse sind wichtig, weil sie
auf eine Verschlechterung der sozialen Wohlfahrt aufgrund von Komplexitat hindeuten.

Die dritte Studie liefert eine Erklarung fiir den starken Zusammenhang zwischen dem
Value- und dem Investment Faktor im Fama-French-Fiinffaktormodell: Investoren, welche
eine Reduktion der Investitionen einer Firma feststellen, nehmen diese als riskanter wahr
und passen den Marktwert der Firma nach unten an. Als Folge davon erhoht sich das
Buchwert-Kurs-Verhéltnis. Wir finden eine grosse Uberschneidung zwischen den Factor-
Mimicking Portfolios des Values- und Investmentfaktors. Zudem zeigen wir, dass diese
ﬂbersehneidung vor allem durch Aktien getrieben wird, fiir welche die Buchwert-Kurs-
Verhéltnisse angestiegen sind, weil ihre Marktwerte gesunken sind. Diese Aktien verhalten
sich wie Aktien mit tiefen Investitionen und erzielen eine Pramie. Zusammen mit Aktien,

welche tatséchlich iiber tiefe Investitionen verfiigen, treiben diese die Value Pramie.
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[lluminating the Dark Side of Financial Innovation:

The Role of Investor Information*®

Manuel Ammann! Marc Arnold} and Simon Straumann?

Abstract

This paper investigates the role of incomplete investor information in finan-
cial innovations. By analyzing the information that structured product is-
suers provide to the investors of those products, we find that issuers have
an information advantage over investors regarding two important valuation
parameters: volatility and dividends. This advantage allows issuers to push
overpriced securities to investors and induces them to design products with
large information frictions. We confirm our conjecture that issuers exploit
their superior information in a regression discontinuity design. The results
are of systemic importance because they suggest that product issuers’ behav-
ior increases information frictions in the financial system.
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1 Introduction

Retail investors make investment mistakes in the financial innovation market that have
large welfare costs (Shiller, 2003). One driver of this dark side of financial innovation,
incomplete investor information, has attracted particular attention since the 2007-2008
financial crisis because information frictions can cause dramatic market disruptions (Gen-
naioli, Shleifer, and Vishny, 2012; Hanson and Sunderam, 2013). Information disclosure
is, therefore, at the forefront of the current regulatory efforts to improve financial mar-
ket stability and increase welfare. In his presidential address, Campbell (2006) stressed
that such disclosure regulations can reduce investment mistakes if they are appropriately
designed. However, an appropriate design requires a deep understanding of the role of
incomplete investor information in financial innovations. Yet, relatively little is known
about this role due to two main challenges. First, information sets are usually not ob-
servable, making it hard to measure incomplete information. Second, it is difficult to
isolate the role of incomplete information from that of other frictions such as investors’
limited financial literacy that is discussed in Henderson and Pearson (2011).

This study investigates the role of incomplete investor information in the financial
innovation market. We overcome the challenges of analyzing this role through our access
to a comprehensive database of structured products and by using a regression discontinu-
ity design (RDD). Specifically, the database solves the information-observability challenge
because it contains the information that structured product issuers provide to a product’s
investors. The RDD addresses the identification challenge by exploiting a discontinuity
in incomplete investor information.

Our analysis provides three primary results. First, product issuers’ information ad-
vantage over retail investors plays a key role in explaining the overpricing of structured
products. Second, the specific sources of this information advantage are volatility and
dividends. Third, issuers design products towards this information advantage. The first

result implies that information frictions are important besides limited financial literacy



to explain the investor mistakes in the financial innovation market. This distinction is
crucial to an appropriate regulatory design that aims to reduce investment mistakes.
Specifically, information frictions call for disclosure, whereas limited financial literacy
evokes more comprehensive regulatory measures such as the expansion of financial edu-
cation or product-selling restrictions. Our second result helps policymakers to evaluate
and incorporate the finding in the disclosure literature that publicly disclosing more in-
formation can benefit or harm welfare (Bond and Goldstein, 2015; Goldstein and Yang,
2019) depending on the type of information. The third result is of systemic importance
because it underpins the concern that financial engineering causes investor information
frictions in financial markets.

The database contains the term sheets of all structured products on single-stock un-
derlyings issued in Switzerland. This database represents an ideal laboratory to explore
the role of incomplete information in financial innovations for several reasons. First,
structured products in Switzerland are frequently issued to retail investors (SSPA, Swiss
Structured Products Association, 2013). This clientele usually has inferior information
compared to that held by financial intermediaries (Bhattacharya et al., 2012). Second,
the Swiss regulator prescribes the information that structured product issuers must pro-
vide to investors in detail (e.g., Swiss Bankers Association, 2007). This standardization
allows us to derive proxies of issuers’ information advantage. Third, the database contains
all publicly issued products in Switzerland, reducing selection bias concerns. Finally, is-
suers have considerable flexibility to tailor these products (Henderson and Pearson, 2011;
Célérier and Vallée, 2017), which enables us to analyze the impact of their information
advantage on product design.

The market for structured products is well established in Europe and has, according to
the SEC database, grown substantially in the US in recent years (Bouveret et al., 2013).
Thus, structured products represent an important segment of the financial innovation

market. For the products in our sample, we calculate the percentage difference between



product issue prices to retail investors and replication prices for identical payout profiles
to institutional investors. We label this difference the markup (Markup) and use it to
measure product overpricing. Analyzing price differences helps isolate the impact of the
information friction on overpricing because price determinants that are not associated
with market frictions affect both the issue and replication prices, but not their difference.

We start by analyzing the information content of the structured products’ term sheets.
Issuers are obliged to disclose important product information to investors on these sheets.
We find that the missing pieces of information on the term sheets to assess the replication
price of structured products are volatility and the dividends of the products’ underlyings.
The large financial institutions that issue these products have an information advantage
on these parameters because they can access the implied volatilities and forecasted divi-
dends from databases such as EUREX and IBES. Those databases are disproportionately
costly to retail investors, causing information frictions that leave investors incompletely
informed. We then show that product overpricing increases with volatility and dividends.
As the replication prices in our sample decline with volatility and dividends, this result
suggests that issuers exploit their information advantage. We apply a battery of tests
to confirm this information hypothesis and to exclude alternative explanations for our
results such as the financial literacy hypothesis. The later suggests that investors simply
lack the financial sophistication to recognize that higher volatility and dividends reduce
product replication prices (Henderson and Pearson, 2011).

First, we incorporate proxies of investors’ volatility and dividend information. Be-
cause retail investors commonly refer to publicly available historical information, we use
historical volatility and dividends (Daniel et al., 2002; Sirri and Tufano, 1998). We find
that issuers earn a 68% (101 basis points) larger Markup with products for which im-
plied volatility is higher than historical volatility. Similarly, they earn a 52% (77 bps)
higher Markup with product underlyings for which analysts forecast a higher dividend

than the historical dividend. These results confirm that issuers overprice products when



they have an information advantage, i.e., they do so when investors underestimate the
relevant volatility or dividend based on historical information and thus overestimate a
product’s value. We also show that issuers’ tendency to exploit this information channel
is stronger when the products’ value-sensitivity to the information advantage is larger
and the portion of retail investors is higher.

Second, the effect that Markups are higher when implied volatility is larger than
historical volatility is weaker for underlyings with publicly available implied volatility
estimates.

Finally, we investigate how issuers design structured products. We find that they
select underlying stocks with a higher implied than historical volatility and with a higher
forecasted than historical dividend to structure the products. The results suggest that
issuers try to exploit investors by designing the products towards their information advan-
tage. This design behavior raises the concern that financial innovators aggravate investor
information frictions in financial markets.

Although we take care to consider price differentials, relevant controls, robustness
tests, and refinements to exclude alternative explanations of our regression results, it is
challenging to establish a causal relationship between incomplete investor information
and security overpricing because it is difficult to isolate differences in issuers’ information
advantage that are independent of product, macroeconomic, or issuer characteristics, as
well as investors’ financial literacy. We address this identification problem by exploiting
a discontinuity in issuers’ information advantage. Specifically, while access to analyst
forecasts gives issuers a dividend information advantage over investors, this advantage
declines once the dividend of a product’s underlying is publicly announced. Thus, we
compare the Markups of products with a dividend information advantage issued just
before the dividend announcement date to the Markups of products issued just after the
dividend announcement date in a standard RDD setting. We find that the former have a

discontinuously larger Markup than the latter. Thus, the RDD test confirms that issuers’



information advantage allows them to sell overpriced securities to investors. It is hard to
reconcile this result with the financial sophistication hypothesis because it is unlikely that
investors’ sophistication level features a discontinuity at dividend announcement dates.

The incomplete information hypotheses that we postulate only imposes relatively lim-
ited requirements on investors’ financial sophistication. Specifically, the term sheets allow
investors to perform a model-free rank ordering of the structured products by compar-
ing the products’ key terms even if the investors lack the ability to actually price these
products.! For example, investors are likely to recognize that a product with a larger
coupon is more attractive than a comparable product with a lower coupon without ap-
plying a pricing model. Indeed, Egan (2019) argues that a rank ordering is much simpler
for structured products than for other financial products such as mutual funds because
structured products are completely characterized by a small number of dimensions. This
comparability among competing products reduces the issuers’ opportunity to exploit in-
vestors. The simple comparison argument, however, only holds for the product terms
that are disclosed on a term sheet. Thus, our incomplete information story relies on the
premise that issuers can exploit their volatility and dividend information because that in-
formation is not disclosed on the term sheets, which prevents investors from undertaking
the model-free rank ordering along these dimensions. Campbell (2006) highlights that
many households find solutions to relatively complex investment problems. Thus, it is
very plausible that at least some investors can rank order competing products along the
dimensions underlying risk or dividend if they have that information.

Our results contribute to two streams of the literature. The first stream analyzes the
reasons behind investors’ mistakes in the financial innovation market (DeMarzo, 2005;
Coval et al., 2009; Choi et al., 2009; Carlin, 2009; Carlin and Manso, 2010; Henderson
and Pearson, 2011; Célérier and Vallée, 2017; Chang et al., 2015; Li et al., 2018; Egan,

2019). This literature agrees that retail investors buy overpriced securities from financial

!Search costs for investors are relatively small as the term sheets of outstanding products and products
in subscription are readily available form the issuers’ home page.



innovators. It shows that investors’ bias, ignorance of fees, and lack of financial sophis-
tication, as well as product complexity, obfuscation, missing suitability checks, and the
incentive asymmetry between investors and brokers can partially explain this investor
mistake. We contribute to this literature by identifying investors’ inferior access to finan-
cial information as an important additional explanation of retail investor mistakes. We
thereby advance the idea that firms shroud some aspects of the terms on which they offer
their products to exploit uninformed consumers (Gabaix and Laibson, 2006).

Second, we add to the literature that points to incomplete investor information as a
crucial friction in the financial innovation market (Ashcraft and Schuermann, 2008; An
et al., 2011). Gennaioli et al. (2012), Gorton and Metrick (2012), Stein (2012), and Han-
son and Sunderam (2013) argue that this friction is risky for the entire financial system
because it can cause large market disruptions when new information arrives. Despite
this concern, surprisingly little is known about the sources of incomplete investor infor-
mation in the financial innovation market. An exception is Piskorski et al. (2015), who
find significant asset quality misrepresentation by issuers of residential Mortgage-Backed
Securities. We contribute to this literature in two ways. First, we identify volatility and
dividends as two important sources of the investor information friction. As the recent
disclosure literature suggests that the type of information disclosed is key to determining
whether disclosure is welfare improving (Bond and Goldstein, 2015; Goldstein and Yang,
2019), knowing the specific sources is crucial to guide policymakers in the discussion on
how to regulate disclosure to mitigate the friction. Second, our results pertaining to the
design of structured products emphasize a systemic stability concern. Specifically, they
imply that financial innovators deliberately structure products for which investors have

inferior information, thereby creating information frictions in the financial system.



2 Structured products: Market and data sample

Structured products are investment instruments with payoffs that are linked to the per-
formance of one or several underlyings from a wide range of asset classes such as equity,
fixed-income, and commodities. Structured products consist of multiple financial instru-
ments, commonly a combination of bonds, equities and derivatives. Banks issue struc-
tured products to investors on the primary market. Investors can subsequently trade the
products on the secondary market. In this study, we focus on the primary market, for two
reasons. First, the secondary market is relatively illiquid and has a much lower trading
volume than the primary market (SSPA, Swiss Structured Products Association, 2013).
Second, we are also interested in the product design, which issuers determine at issuance.

The market for structured products has grown substantially. Bouveret et al. (2013)
report a total outstanding volume of structured products in Europe of almost 770bn EUR
as of December 2012. This notional volume amounts to 4% of household financial wealth,
or 12% of mutual funds’ assets under management in the European market. With a
total sales volume of 21.3bn USD, Switzerland was the second largest European issuer
of structured products in 2014 (Structured Retail Products, 2015). The Swiss market
has also been the global leader in terms of the volume of structured products invested in
custody accounts (Swiss Bankers Association, 2011). While the US structured product
market traditionally lagged behind its European counterpart, it dramatically increased
its volume in recent years. Specifically, the yearly US sales volume of publicly registered
structured notes in the SEC database increased from 0.3bn USD in 2000 to 43.5bn USD in
2015. Most products have equity underlyings from both the US and Europe (Bloomberg
Brief: Structured Notes, 2015; Structured Retail Products, 2015). According to Calvet
et al. (2018), a typical retail structured product investor is 58 years old, has an above-
average education, and a yearly income of around 48’000 USD.

Issuers have considerable flexibility to tailor structured products (Henderson and Pear-

son, 2011; Célérier and Vallée, 2017). This flexibility in product design raises the concern
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that issuers exploit investors by using their privileged access to information. It also
weakens the competition mechanism as a potential remedy to this concern. Specifically,
issuers can avoid product homogeneity and, hence, impede product comparability, by
simply designing products with different terms than those of the competitors.

In this study, we analyze a large database of Swiss structured products provided by
Derivative Partners. The database represents an ideal laboratory to explore the role
of incomplete information in structured products for several reasons. First, structured
products are frequently issued to retail investors (SSPA, Swiss Structured Products As-
sociation, 2013). These investors usually have inferior information compared to financial
intermediaries (Bhattacharya et al., 2012). Second, the Swiss regulator prescribes the
information that structured product issuers must provide to investors in detail (Swiss
Bankers Association, 2007). The term sheets that contain this information are highly
standardized, which allows us to define proxies of incomplete information. Third, the
Swiss market is characterized by standardized product categories, which helps us to col-
lect a large sample of comparable products (Structured Retail Products, 2015). Fourth,
the database contains all publicly issued products in Switzerland, which reduces selection
bias concerns.

The issuing banks sell the structured products of our database to retail investors. The
database does not contain privately placed products that are commonly sold through bro-
kers or independent asset managers. The product launching process typically lasts around
two to three weeks (e.g., Egan, 2019). At the beginning of this process, the bank designs
the basic product characteristics such as the product type and the underlying. Next, the
product enters the subscription period during which investors can submit or cancel buy-
ing orders. This period lasts around ten days. At the end of the subscription period, i.e.,
at the initial fixing date, the bank fixes the final terms of the product such as the issue

price, the underlying’s reference price, or the barrier level.? Investors receive the final

2The bank communicates these terms at an indicative level during the subscription period.



term sheet at the initial fixing date, which summarizes the basic product characteristics
and the final terms of the product.

Our database contains all product terms and the final term sheet of all structured
products on equity underlyings that banks issued on the primary market in Switzerland
between January 2005 and December 2010. It comprises 15’170 publicly issued products
that target the retail market. Our analysis requires the calculation of the overpricing
for each product, which is the difference between the (observable) issue price and a
replication price. To prevent that model misspecification or pricing model errors affect
our calculation of the replication price, we focus on the products in the database for
which we can directly derive this price from the prices of traded market instruments.
This criterion leaves us with 1’012 products on single equity underlyings. We exclude
products on specific underlying baskets (13’191) in our analysis because there are no
traded market instruments on these baskets, which we could use to derive the replication
price.® We also omit index products (947) because their underlying does not feature the
discrete dividend structure that allows us to apply our regression discontinuity design.
Finally, we omit 20 products due to missing data. We manually collect the terms of
the 1’012 product in our sample from the final term sheets and double-check these terms
with the corresponding product terms in the database. In total, we correct 31 entries that
contain an error mostly in the “date” item. Our sample of priced products is considerably
larger than those used in existing studies. For example, Henderson and Pearson (2011)
consider 64 products, Célérier and Vallée (2017) price 141 products, and Arnold et al.
(2016) extract 501 products from the same structured products database.*

Table 1 reports the number of products in our sample grouped by issuer, product

3Deriving the replication price of basket products would require the implementation of a pricing model
and the estimation of the underlying baskets’ correlation structure.

4Vokata (2018) approximates the price of over 20,000 structured products by converting the textual
payoff description into a mathematical formula. We cannot use such an approximation in our study
because we focus on the relation between product markups and dividends. This relation is sensitive to
product details such as the exact final fixing date that are not reflected in the textual payoff description.
For instance, just a few days difference in the final fixing date can more than double the markup if this
date is just before the ex-dividend date compared to just after the ex-dividend date.
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category, and year. The products are issued by two Swiss banks and five international
banks in Switzerland. Together, the two Swiss banks, Credit Suisse and UBS, account for
more than two-thirds of our sample. Goldman Sachs and Royal Bank of Scotland issue
a share of 14.3% and 13.2%, respectively. The sample contains six separate product cat-
egories with 87 unique underlyings. Discount Certificates, Barrier Reverse Convertibles,
and Bonus Certificates are the most prevalent categories. From 2005-2008, the number
of issued products increased annually, while it declined between 2008 and 2010.

INSERT TABLE 1 NEAR HERE

The product categories in our sample have the following profiles:

With a Discount Certificate, an investor purchases an underlying stock at a discount
but resigns the upside stock performance above a prespecified cap. If the stock closes
above this cap at maturity, the investor obtains a payoff equal to the difference between
the initial stock and the strike prices. Otherwise, he or she receives the stock performance.

Barrier Discount Certificates likewise embed a discount feature that allows an investor
to buy an underlying stock below its market price. The barrier feature provides condi-
tional capital protection. The investor receives a prespecified payoff if the stock never
touches the lower barrier during a product’s lifetime; otherwise, the capital protection is
canceled and the product converts into a Discount Certificate.

Reverse Convertibles have the same payoff profile as Discount Certificates. The only
difference is that Reverse Convertibles also pay coupons and have a nominal amount.

Capped Outperformance Certificates allow an investor to participate disproportion-
ately in the performance of the underlying stock above the strike price. If the stock
closes below this strike at maturity, the product has the same payoff structure as the
stock. Above the strike, the investor obtains a multiple of the difference between the
stock and strike prices up to a predetermined cap.

Barrier Reverse Convertibles pay a fixed coupon and are capital-protected if the un-

derlying does not touch a prespecified lower barrier during a product’s lifetime; otherwise,
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the capital protection is canceled and the product converts into a Reverse Convertible.
Bonus Certificates allow an investor to participate in an underlying stock with a down-
side protection at a fixed bonus level as long as the stock does not touch a prespecified
lower barrier during a product’s lifetime; otherwise, the down-side protection is canceled
and the Bonus Certificate simply follows the stock performance.
In contrast to a direct investment in an underlying stock, an investor is not entitled to

receive the stock’s dividend payments. This convention applies to all product categories.

3 Product overpricing and incomplete information

In this section, we first present our main variables, hypotheses, and empirical identifi-
cation strategy to analyze product overpricing. We then summarize the results for the

impact of incomplete information on product overpricing.

3.1 Overpricing measure: Markup

Our dependent variable is the markup (Markup). Markup is the percentage difference

between a product’s issue price and replication price at the initial fixing date:

Issue Price — Replication Price
Markup = ot ¢ rrca

; (1)

Issue Price

where Issue Price is the initial price at which banks sell a structured product to re-
tail investors. This price includes all issuance fees and commissions that accrue to the
investor when he or she buys a product. Using traded instruments of the fixed income
and option markets, we derive the Replication Price as the market price for institutional
investors of a replication portfolio that has the same payout profile as a structured prod-
uct. Intuitively, a product issuer can hedge its future obligation from issuing a structured

product to a retail investor by buying the replicating portfolio at the same time. Thus,
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the Replication Price reflects the market price to the issuer of hedging a structured
product and, thus, the issuer’s hedging cost.® The Markup is the percentage difference
between the Issue Price and the Replication Price. Therefore, Markup measures the
percentage product overpricing at issuance (Henderson and Pearson, 2011). Intuitively,
Markup can also be interpreted as the %-difference between the prices for retail and
institutional investors for the same payout profile at the same time. Issuers determine
the Markup at the initial fixing date when they fix the final terms of a product.®

While product term sheets provide us with issue prices, we also need to calculate the
replication prices. To this end, we first determine the fixed-income and option components
that replicate a structured product. Second, we derive the price of each component from
observed market prices. Finally, the replication price of a structured product is the sum
of the prices of the components that replicate its payoff profile. The Appendix illustrates
the derivation of replication prices in detail.

As Table 2 shows, the average markup in our sample is 1.48%. This magnitude
coincides with the average overpricing in empirical samples of similar simple short-term
structured products (Burth et al., 2001; Baule et al., 2008; Célérier and Vallée, 2017).
Outside of Switzerland, Markups tend to be higher. Stoimenov and Wilkens (2005) find
3.89% in their German sample and Henderson and Pearson (2011) more than 8% in a US
sample.

INSERT TABLE 2 NEAR HERE

5We cannot observe the bid-ask spread of the traded instruments in the replicating portfolio. Thus,
we follow Henderson and Pearson (2011) and control for proxies of this dimension of the hedging cost in
our analysis.

6The issue price of some products in our sample is normalized to, for example, 1’000 CHF. Issuers
still determine the Markup of these normalized products at the initial fixing date by fixing the final
product terms. These terms determine the replication price and, hence, the Markup.
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3.2 Incomplete information: Volatility and dividends

The literature suggests that issuers overprice structured products because they are free
to choose contract terms that differ from comparable products (Carlin, 2009; Henderson
and Pearson, 2011; Li et al., 2018). Specifically, this product differentiation implies
that products are not homogenous, which makes it difficult for investors to compare
structured products. Thus, imperfect price competition allows issuers to earn markups
in this market.

Our incomplete information hypotheses build on this notion. Specifically, term sheets
facilitate the comparability of the inhomogeneous products because they highlight the
key differences in the product terms. A better comparability among competing products
reduces the issuers’ opportunity to exploit investors. The term sheet comparison only
imposes relatively limited requirements on investors’ financial sophistication. Specifically,
the term sheets allow investors to perform a model-free rank ordering of the structured
products by comparing the products’ key terms even if the investors lack the ability
to actually price these products.” For example, investors are likely to recognize that
a product with a larger coupon is more attractive than a comparable product with a
lower coupon without applying a pricing model. Indeed, Egan (2019) argues that a
rank ordering is much simpler for structured products than for other financial products
such as mutual funds because structured products are completely characterized by a
small number of dimensions. Hence, our incomplete information hypothesis relies on the
premise that issuers can exploit their volatility and dividend information because that
information is not disclosed on the term sheets, which prevents investors from undertaking
the model-free rank ordering along these dimensions. Campbell (2006) highlights that
many households find solutions to relatively complex investment problems. Thus, it is

very plausible that at least some investors can rank order competing products along the

"Search costs for investors are relatively small as the term sheets of outstanding products and products
in subscription are readily available form the issuers’ home page.
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dimensions underlying risk or dividend if they have that information.

To investigate whether incomplete information affects overpricing, we first investigate
the information content of product term sheets. To this end, we inspect the obligatory
information items listed in the Swiss Bankers Association (2007) guidelines. We find
that the only two missing items necessary to calculate the products’ replication price
(that are not publicly available) are the implied volatility of the underlying and expected
dividend.?? Next, we manually inspect all term sheets in our database. We find that
while each sheet provides all obligatory items, none specifies the implied volatility or
the expected dividend. It is very costly for retail investors to obtain information on
these missing parameters. One year of access to BLOOMBERG's proprietary system,
for example, costs around 25’000 USD per user (Ben-Rephael et al., 2017). Thus, the
missing volatility and dividend information causes an information friction that induces
incomplete investor information.

Our first hypothesis is that issuers overprice products more when they have a volatility
information advantage. For the main analysis, we proxy issuers’ volatility information
advantage with the simple Higher Vol dummy. This dummy is equal to one if the implied
volatility (Impl Vol) of a product’s underlying is larger than its historical volatility (Hist
Vol). Following Ben-Rephael et al. (2017), we use the dummy variable in our main
analysis because a dummy allows easier interpretation of the differential impact of the
volatility information advantage on product overpricing. We also consider the continuous
differences between I'mpl Vol and Hist Vol as a proxy of issuers’ volatility information
advantage in Section 6 and obtain similar results.

The intuition behind the Higher Vol proxy starts from the observation that the

replication prices of all products in our sample decline with the implied volatility of

8The implied volatility data for the European underlyings in our sample were not publicly available
during our observation period. Today, some of this data is available on public websites such as finance.
yahoo.com.

9nterest rates are not an obligatory information item, but they are publicly available, for example, on
the website of the Swiss National Bank (see https://www.snb.ch/en/iabout/stat/statrep). In addition,
most term sheets contain an indication of the interest rate.
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their underlying. Information on implied volatility is available to issuers through, for
example, EUREX or BLOOMBERG. Since such information sources are restricted and
very costly, retail investors tend to resort to alternative measures when gauging the
expected volatility of a product’s underlying. Following the literature, (Daniel et al.,
2002; Sirri and Tufano, 1998), they refer to historical information. Our observation that
many structured product term sheets contain a picture of the historical price evolution
of the product’s underlying supports this conjecture.'® Thus, issuers have an information
advantage over retail investors if Impl Vol is larger than Hist Vol. In this case, retail
investors underestimate volatility based on their available historical information, and
hence overestimate a product’s replication price.

Our second hypothesis is that issuers overprice products more when they have a
dividend information advantage. We proxy issuers’ dividend information advantage with
the Higher Div dummy. This dummy is equal to one if the dividend forecast (Forc
Div) of a product’s underlying is larger than its historical dividend (Hist Div). Section
6 shows that our results are robust to using the continuous differences between Forc Div
and Hist Div as a proxy of issuers’ dividend information advantage

The intuition behind the Higher Div proxy is analogous to that of the Higher Vol
proxy. Specifically, structured product investors are not entitled to receive dividend
payments because they solely hold derivative positions on the underlying. Since the
replication prices of all products in our sample are positively related to the underlying’s
stock price, a higher expected dividend payment during the lifetime of a product ceteris
paribus reduces the product’s current replication price. Product issuers have access to
dividend forecasts such as from IBES, which are restricted and costly for retail investors.
The latter tend to resort to historical information (Daniel et al., 2002; Sirri and Tufano,

1998). For dividends, historical information is publicly available on the internet.!* There-

1Tn Figure Al of the Appendix, we extract a typical picture of the underlying’s historical price
evolution as provided in a product term sheet from our sample.
HFor example, on finance.yahoo.com.
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fore, issuers have an information advantage over retail investors if Forc Div is larger than
Hist Div. In this case, retail investors underestimate dividends based on their available
information, and hence overestimate a product’s replication price.

We now describe the calculation and summary statistics of the volatility and dividend
parameters. Impl Vol is the annualized implied volatility of an at-the-money put option
on a product’s underlying with a maturity equal to the product’s maturity. We extract
this implied volatility at the products’ initial fixing date from traded EUREX options as
described in the Appendix. Hist Vol is the standard deviation of a product underlying’s
returns over the 255 trading days before the initial fixing date. We choose 255 days
because it corresponds to the median product maturity in our sample.'? Table 2 shows
that the average implied and historical volatilities are 28.668% and 31.237%, respectively.
For 563 of the 1’012 products in our sample the Higher Vol dummy is one.

Forc Div is the ratio between the present value of the forecasted dividends during a
product’s lifetime and the underlying’s stock price at the initial fixing date. The dividend
forecasts are based on IBES. A forecasted dividend is the average of the analysts’ estimates
of a stock’s next period dividend. Hist Div is the ratio between the present value of the
historical dividend payments over the 255 days prior to the initial fixing date and the
underlying’s stock price at the initial fixing date. 94% of the products in our sample are
issued on underlyings which pay dividends annually. Forc Div and Hist Div have similar
means and quantiles as shown in Table 2. Both dividend measures have a relatively low
standard deviation. For 608 of the 1’012 products in our sample, Higher Div is one.
The underlyings of 12 products in our sample never pay a dividend and always carry an
IBES dividend forecast of zero during our sample period. The Higher Div dummy of

these products is zero. The correlation between Higher Vol and Higher Div is 0.08.

20ur results are robust to the choice of the number of trading days over which we calculate Hist Vol
(see Section 6).
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3.3 Empirical approach and identification

To investigate the impact of incomplete information on product overpricing, we first run
cross-sectional OLS regressions of Markups on our explanatory and control variables.

Our regression model is

Markup; = o + 1 Higher Dummy; + ;Controls; + €, (2)

where Markup; is the Markup of product i. Higher Dummy; represents our information
advantage proxy, which is either the Higher Vol dummy for volatility or the Higher Div
dummy for dividends. Hence, Higher Dummy; is our primary explanatory variable.

Our main identification challenge arises from potential omitted variables that are cor-
related with both Markups and the explanatory variables. We mitigate this challenge by
incorporating a comprehensive set of controls, considering price differences as the depen-
dent variable, refining the regressions with interaction effects, and applying a regression
discontinuity approach.

First, we incorporate the standard control variables of Henderson and Pearson (2011)
in our main analysis, which are captured in the vector of controls Controls;;. Specifi-
cally, we control for investor attention (FzcessReturn, Market Cap, and Underlying
Turnover), issuers’ hedging costs (Option Volume), and Issuance Volume. We calcu-
late Fxcess Return as the 3- and 12-month continuous annual returns of the underlying
in excess of the 3- and 12-month continuous annual returns of the Swiss Market Index
(SMI), respectively. Market Cap is the natural logarithm of the market value of equity
of the underlying (in USDbn) at the initial fixing date, and Turnover is the natural
logarithm of the dollar value (in USDm) of the cumulative trading volume of the un-
derlying 1- and 3-months prior to the initial fixing date, respectively. 1m Call Volume
and 1m Put Volume are the cumulative trading volumes of EUREX call (put) options

written on the underlying during the 20 trading days preceding the initial fixing date of a
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structured product divided by the volume of call (put) options written on all underlyings
during the same time period. We calculate Issuance Volume as the natural logarithm of
a structured product’s issuance volume (in USD). As in Henderson and Pearson (2011),
we also consider year fixed effects in all regressions to control for aggregate time trends,
such as in product demand.’® In Section 6, we incorporate additional control variables for
competition, issuers’ default risk, funding needs, the economic environment, a products’
time to maturity, product complexity, product category fixed effects, issuer fixed effects,
and underlying fixed effects. All data on underlyings, options components, and dividend
consensus estimates are from Datastream, the EUREX database, and IBES, respectively.
Table 2 presents the summary statistics of all controls.

Second, the idea behind using price differences (Markups) as the dependent variable
is that the law of one price should hold in perfect markets. Thus, analyzing Markups
allows us to focus on the market frictions that drive a wedge between the prices to retail
and institutional investors for the same payout profiles. In other words, using Markups
mitigates the concern that our explanatory variables simply capture omitted product
price determinants (that are not associated with market frictions) because the impact of
such determinants should cancel out in the price differential.

Third, we confirm our information hypothesis by showing that the relation between the
dependent and explanatory variables is stronger when the information channel is more
plausible. To this end, we interact our explanatory variables with several additional
variables, which we include in Table 2. Delta (Vega) is a product value’s first-order
derivative with respect to the price (volatility) of the underlying, in which the product
value is the replication price. We calculate these derivatives by using the Black-Scholes
formula. For products with barrier options, we estimate Delta and Vega numerically.

We scale each Delta and Vega by the product’s initial value to obtain each product’s %

130ur results are robust to considering year-month fixed effects (not tabulated).
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4 The Delta of each product in our sample is positive, which implies

value-sensitivity.
that product values rise if the underlying price increases (or the dividend expected over a
product’s lifetime declines). The mean Delta of 1.56 in Table 2 implies that, on average,
initial product values increase by 1.56% if the underlying increases by 1%. The Vega of
each product in our sample is negative, which suggests that product values decline if the
underlying’s volatility increases.’®> The mean Vega of —0.46 in Table 2 implies that, on
average, initial product values decline by 0.46% if the underlying’s volatility increases by
one percentage point.

We also consider IV olatility, which is a dummy variable equal to one if a product’s
underlying is covered on IVolatility.com at the initial fixing date and zero otherwise.
IVolatility.com is a widely used volatility information provider.!® It is the first provider
to offer single volatility quotes on selected individual stocks to retail investors. Alternative
providers only sold entire volatility information packages during our sample period. The
single quote feature is important for our study because the coverage of an underlying
on IVolatility.com considerably reduces the issuers’ volatility information advantage over
retail investors for that underlying. Specifically, a structured product investor could
acquire the volatility information of a product with a single quote-covered underlying for a
few dollars but would have to buy the entire volatility package for several thousand dollars
if he or she wanted the volatility information of an uncovered stock.!” For 768 products
in our sample, volatility information on the underlying was available on IVolatility.com
at the initial fixing date. We also include IBES Uncertainty as a measure of dividend
forecast uncertainty. IBES Uncertainty is the standard deviation of analysts’ IBES

dividend forecasts for an underlying on the initial fixing date. In addition, we collect

We have different product categories in our sample with a large variation of the initial value. Thus,
we need to scale the (absolute) Delta and Vega to compare these sensitivities across products and
product categories.

15The primary reason for the negative Vega is that the products are capped. Thus, a higher volatility
increases a product’s downside potential without equivalently increasing the upside potential.

16See www.ivolatility.com.

1"The price of single quotes on I'Volatility.com starts at 3 USD.
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structured products’ trading size as a proxy of investors’ information access because the
literature suggests that the information sets used by investors initiating small trades
are systematically inferior to those used by investors initiating large trades (Easley and
O’Hara, 1987; Bhattacharya, 2001; Battalio and Mendenhall, 2005; Bhattacharya et al.,
2007). We calculate Trading Size as the logarithm of the average trading size of each
structured product in USD on the secondary market.

Finally, we establish a causal link between issuers’ information advantage and product

overpricing by applying a regression discontinuity approach in Section 4.

3.4 Overpricing and incomplete volatility information

We start by investigating the impact of incomplete volatility information on Markups. In
Column (1) of Table 3, we first replicate the regression of Henderson and Pearson (2011)
to ensure that our setting is consistent with their study. As in Henderson and Pearson
(2011), Impl Vol is significantly positively associated with Markups and the remaining
controls are mostly insignificant or not robust (see Columns (1)—(5)). The only difference
is that the coefficient of Issuance Volume is significantly negative in our setting, while it
is insignificant in Henderson and Pearson (2011). This negative sign suggests a negative
relation between issuance volume and overpricing.

INSERT TABLE 3 NEAR HERE

Next, we test our hypothesis by adding the Higher Vol dummy in Column (2).
The coefficient of Higher Vol implies that issuers demand a 1.006% larger Markup for
products with a higher implied than historical volatility. This magnitude is important,
accounting for more than two-thirds of the average Markups. The result suggests that
issuers overprice products when they have a volatility information advantage; that is,
when retail investors underestimate volatility based on their historical information.

The alternative financial literacy hypothesis suggests that issuers install larger M arkups

for products with higher I'mpl Vol because retail investors are unaware of the negative
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impact of volatility on structured products’ replication prices (Henderson and Pearson,
2011). We address the concern that Higher Vol could simply identify a (potentially
non-linear) dimension of Impl Vol, and hence the financial literacy hypothesis, in two
ways. First, we show in Section 6 that the coefficient on Higher Vol is robust to using
Impl Vol Squared as an additional control. Second, we calculate the average Impl Vol
of products with a Higher Vol dummy of one. Their average Impl Vol (26.527%) is,
in fact, significantly smaller than that of products with a Higher Vol dummy of zero
(31.353%), with a t-statistics of 6.93 using a two-sample t-test. Thus, products with a
Higher Vol dummy of one carry a larger markup that cannot be explained by a higher
implied volatility and, hence, the financial literacy hypothesis.

We also investigate whether the quantitative magnitude of the Higher Vol coefhi-
cient is consistent with our information exploitation hypothesis. To this end, we first
approximate the average “value” to issuers of their information advantage with Higher
Vol products and then compare this value to the size of the coefficient. Information ex-
ploitation implies that the Higher Vol coefficient should be an economically significant
portion of the value of issuers’ information advantage but still lie below 100% of this
value. Otherwise, alternative explanations must drive the coefficient. To approximate
the value of issuers’ information advantage, we compute the difference between the im-
plied and historical volatilities of each product with a Higher Vol dummy equal to one
and multiply each difference with the product’s absolute vega. Intuitively, the resulting
values are an investor’s percentage product misvaluation if he or she would rely on his-
torical rather than implied volatility. The average of these values is 1.900%. Thus, the
coefficient of Higher Vol in Column (2) suggests that issuers are, on average, able to
exploit approximately 53% (1.006% of 1.900%) of their information advantage,'® which
is in the plausible range.

We now present several refinements to support our first hypothesis that issuers exploit

18This comparison assumes that products with a Higher Vol dummy equal to zero neither carry an
information advantage nor an information disadvantage.
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incomplete volatility information.

The coefficient on the interaction Higher Vol x Vega in Column (3) shows that the
impact of Higher Vol on Markups is stronger if Vega is more negative. This result is
consistent with the information exploitation hypothesis. Specifically, a product with a
more negative Vega is particularly sensitive to volatility information. Hence, an investor
overvalues this product more if he or she underestimates its volatility by a given amount,
which offers issuers a better opportunity to exploit the information advantage channel.

In Column (4), we investigate how the coverage of a product’s underlying at the initial
fixing date on IVolatility.com affects our results. The negative and significant coefficient
of the interaction term between Higher Vol and IVolatility implies that, consistent
with our hypothesis, improving retail investors’ access to volatility information mitigates
issuers’ exploitation of this information channel.'® We argue that improved information
access sharpens investors’ ability to compare competing products along the volatility
dimension, and thus reduces issuers’ tendency to overprice securities for which they have
a volatility information advantage. This channel could operate even if investors do not
actually access IVolatility. Specifically, the pure possibility that investors could easily
collect (and compare) implied volatilities may induce issuers to cease exploiting volatility
due to reputation concerns.

Finally, the interaction between Higher Vol and Trading Size as a proxy for in-
vestors’ information access has a significantly negative coefficient, as Column (5) shows.
This result also supports our incomplete information exploitation hypothesis because it
implies that issuers use their information advantage particularly to overprice securities

when selling products to investors with inferior information access.

191f we include underlying fixed effects, the coefficient of the interaction term is —0.54 and statistically
significant at the 10% level. Thus, the underlying specific characteristics do not drive this effect, but
rather the change in the availability of implied volatility information does.
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3.5 Overpricing and incomplete dividend information

We now test whether product issuers exploit their information advantage regarding div-
idends. We present the results in Table 4. In the first column, we include Forc Div as
a measure of forecasted dividend payments. The significantly positive coefficient of Forc
Div shows that an increase in the forecasted dividend yield raises the Markup. The
magnitude of the coefficient implies that increasing Forc Div by one standard deviation
(2.18) enhances the Markup by 0.15%.

INSERT TABLE 4 NEAR HERE

To determine whether incomplete information plays a role or whether this result is
simply driven by a financial literacy argument; that is, by the fact that retail investors
do not understand that product replication prices decline with dividends, we incorporate
our proxy for issuers’ information advantage on dividends in Column (2). Products with
Higher Div equal to one carry an Markup that is 0.768% higher than for products with
Higher Div equal to zero on average. This effect is economically important because it
corresponds to an increase of more than 52% of the average Markup. This result provides
a first confirmation of our second hypothesis that issuers collect higher Markups when
they have a dividend information advantage over retail investors.

To investigate whether the quantitative magnitude of the Higher Div coefficient
is consistent with our information exploitation story, we first approximate the average
“value” to issuers from their information advantage with Higher Div products and then
compare this value to the size of the coefficient. Information exploitation implies that
the Higher Div coefficient should be an economically significant portion of the value of
issuers’ information advantage but still lie below 100% of this value. Otherwise, alter-
native explanations would drive the size of the coefficient. To approximate the value of
issuers’ information advantage, we compute the difference between the present values of
forecasted IBES dividends and historical dividends over the lifetime of each product with

a Higher Div dummy equal to one and multiply each difference with the product’s abso-
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lute delta. Intuitively, this value is an investor’s percentage product overvaluation if he or
she would rely on historical instead of forecasted dividends. The average of this value is
1.497%. Thus, the coefficient of Higher Div in Column (2) suggests that issuers are, on
average, able to exploit around 51% (0.768% of 1.497%) of their information advantage,
which is in the plausible range.

In Column (3), we include the interaction between Higher Div and Delta. If Delta
is larger, underestimating dividends has a stronger impact on retail investors’ perceived
replication price. The significantly positive coeflicient of this interaction suggests a
stronger dividend information exploitation for products with a higher sensitivity to divi-
dend information. This finding supports our dividend information exploitation story.

As Column (4) shows, the interaction between Higher Div and IBES Uncertainty
has a significantly negative coefficient. This result is consistent with the information
exploitation hypothesis because it implies that issuers exploit their privileged access to
information particularly when their information source is more accurate.

Column (5) shows that the interaction between Higher Div and Trading Size has
a significantly negative coeflicient. This result implies that issuers exploit their divi-
dend information advantage to overprice securities particularly when selling products to
investors with inferior information access, which confirms the information exploitation
hypothesis.

Overall, Section 3 suggests that volatility and dividends cause two key investor in-
formation frictions that affect issuers’ product pricing decision. The literature describes
additional alternative motives for issuers to overprice and issue structured products (see,
e.g., Henderson and Pearson, 2011; Célérier and Vallée, 2017; Li et al., 2018). Thus, we
neither assert that information frictions entirely explain issuers’ overpricing decision nor
controvert that issuers launch products without an information advantage due to alterna-

tive motives. We simply highlight that investor information frictions are one important

20This comparison assumes that products with a Higher Div dummy equal to zero carry neither an
information advantage nor an information disadvantage.
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factor that explains a substantial part of the level and cross-sectional variation of the

products’ overpricing.

4 A regression discontinuity design for information
exploitation

We now investigate the hypothesis that issuers exploit their dividend information ad-
vantage in a regression discontinuity design (RDD) to provide an estimate of a clean
causal effect of information frictions on overpricing. To this end, we exploit the impact
of a shock to issuers’ dividend information advantage on product overpricing. Public
dividend announcements are a perfect candidate for such a shock in this analysis for two
reasons. First, they publicly inform investors about the upcoming dividend payment, and
hence represent a negative shock to issuers’ dividend information advantage. Second, it
is unlikely that investors experience a shock to their financial sophistication level at div-
idend announcement dates, which helps us to differentiate the information exploitation

hypothesis from the investor sophistication hypothesis.

4.1 RD approach and results

The main idea behind our RDD is that if issuers’ dividend information advantage causes
overpricing, then this overpricing should experience a negative shock at dividend an-
nouncement dates. Thus, we test whether products with a dividend information ad-
vantage for issuers; that is., products with Higher Div = 1, exhibit a discontinuity of
Markups at dividend announcements. To this end, we follow the standard parametric
regression discontinuity (RD) approach in Lee and Lemieux (2010). We test alternative
RD methodologies and specifications in Section 6.

We first define our assignment variable as the difference between the closest dividend

announcement date and the product’s initial fixing date expressed in days. The closest
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dividend announcement date is the product underlying’s dividend announcement date
closest to the product’s initial fixing date. We collect data on dividend announcement
dates from Datastream. An assignment variable greater or equal to zero (treated) implies

21 Treated products

that the dividend is announced after or at the initial fixing date.
exhibit a dividend information advantage for the issuer because the issuer has access
to IBES dividend forecasts. A negative value of the assignment variable (non-treated)
implies that the dividend is announced before the initial fixing date. Non-treated products
exhibit a smaller dividend information advantage than treated products do because the
next dividend was publicly announced just before the product is launched.

The outcome variable is Markup, which is our measure of overpricing. Figure 1
depicts the Markups of all products with a dividend information advantage (Higher
Div =1) around the assignment variable of zero (threshold). We fit a linear function on
either side of the threshold using binwidths of 3 days. Each bin represents the average
Markup over 3 days. The jump in Markups at the threshold suggests that product
overpricing experiences a negative shock at dividend announcement dates and, thus, a

causality between issuers’ dividend information advantage and overpricing.

INSERT FIGURE 1 NEAR HERE

If the variation in the treatment near the threshold is approximately randomized,
then the treated and non-treated products should differ only with respect to issuers’
information advantage. To ensure this randomization condition, issuers should not be
able to completely manipulate the difference between dividend announcement and initial
fixing dates (McCrary, 2008). We provide statistical and intuitive practical evidence that
our setting satisfies the no-complete manipulation condition. First, we test this condition
with the standard manipulation test following McCrary (2008) and find no discontinuity

in the density function of the assignment variable at the threshold (t-statistics of —0.48).

21We do not define the assignment variable on an intraday level because our sample features no
observation for which the initial fixing date corresponds to the dividend announcement date exactly.
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Second, product issuers must plan, structure, market, subscribe, and launch a new
product before the initial fixing date, which takes several weeks. As dividend announce-
ment dates vary considerably, issuers would have to stop initiating new products on most
underlyings several weeks or months before the dividend announcement period between
March and April to avoid negative values of the assignment variable.?? The opportunity
cost of such a manipulation in terms of the foregone Markups from issuing products
would certainly be very large.

We now establish the RDD to test how issuers’ information advantage affects the
degree of product overpricing. Since we expect no functional relationship between our
assignment variable and the outcome variable, we use a local polynomial of order one
to construct the point estimator in our main analysis. We also present the results when

using a local polynomial of order two.?® The regression model is

Markup; = oy + B1Days; + After;[as + BaDays;] + €;, (3)

where Markup; is the outcome variable, Days; is the difference between the dividend
announcement date nearest to the initial fixing date and the initial fixing date measured
in days, and After; is a dummy equal to one if the dividend announcement date nearest
to the initial fixing date occurs on or after the initial fixing date and zero otherwise.
i is the coefficient of discontinuity at the threshold. If issuers overprice products more
when they have a higher information advantage, as should be positive. Following Lee
and Lemieux (2010), we use heteroskedasticity-robust standard errors.

The RDD requires that we specify a bandwidth determining the number of observa-
tions on either side of the threshold. We use mean square error-optimized bandwidths

based on the methodology of Calonico et al. (2014). The optimal bandwidths of the

22For instance, the standard deviation of the year-on-year differences between a company’s subsequent
dividend announcement dates in our sample is more than 30 days.
23As Gelman and Imbens (2018) suggests, we abstain from using third or higher-degree polynomials.
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Markups require 79 observations on the left-hand side and 119 observations on the right-
hand side of the threshold. These bandwidths correspond to a time window of [-57, 57]
days around the initial fixing date.

Column (1) of Table 5 presents the results of Regression (3). We find a positive and
significant discontinuity in Markups of 1.495% with a t-statistic of 3.14 at the threshold.
The upward jump in Markups implies that issuers overprice products more when they
have a larger information advantage over investors. The magnitude of this discontinuity
is economically important. Specifically, the average Markup of the products in our RDD
subsample is 1.70%; thus, the Markup increases by 88% of the average Markup at the
threshold. Column (2) of Table 5 shows that the discontinuity is also significant but

smaller in magnitude when we include a local polynomial of order two in Regression (3).

INSERT TABLE 5 NEAR HERE

To further verify the RDD assumption of local randomization, we also investigate
whether control variables exhibit discontinuities around the threshold.2* To this end, we
follow Lee and Lemieux (2010) by applying a Seemingly Unrelated Regression (SUR)
based on a system of equations similar to Eqn. (3) for the standard control variables
of Section 3.2 We perform a x? test to determine whether the respective discontinuity
coefficients ay of all equations are jointly equal to zero. A rejection of this null hypothesis
could imply that the treated products we use in our RDD approach discontinuously differ
from the non-treated products along dimensions other than the information advantage,
which could challenge our main conjecture. We find, however, that our data are consistent
with no discontinuities for any of the control variables (p-value = 0.28).

Table 6 presents several refinements of the basic RDD approach to confirm our con-

jecture that issuers’ information advantage causes overpricing and rule out alternative

24Note that shocks to public observable product price determinants that are not associated with
market frictions, such as the stock price or LIBOR, should not affect Markup because Markup is the
%-difference between the issue prices and the replication price.

258pecifically, we use Impl Vol, Forc Div, Market Cap, 3m Excess Return, 12m Excess Return,
1m Turnover, 3m Turnover, 1m Call Option Volume, 1m Put Option Volume, and Issuance Volume.
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explanations. For each refinement, we recalculate the mean square error-optimized band-

widths following Calonico et al. (2014).

INSERT TABLE 6 NEAR HERE

A first alternative explanation is that dividend announcements reduce hedging costs,
and hence Markups, because they mitigate issuers’ uncertainty about future dividends.
Thus, we repeat the RDD analysis for the subsample of products that do not exhibit an
information advantage for the issuer (HigherDiv = 0). If issuers’ dividend uncertainty
causes the decline in Markups at the threshold, the discontinuity should also be present
in this subsample. Column (1) of Table 6 shows that this discontinuity is not significant,
suggesting that issuers’ dividend uncertainty does not drive our results.

Second, firms typically announce earnings and dividends on the same date. Dividends
are a replication price determinant of structured products beyond the publicly observ-
able stock price because a relevant determinant of this price is the publicly observable
stock price net of the present value of the expected dividends. In contrast, earnings are
not a replication price determinant beyond the publicly observable stock price because
the stock price already reflects the market consensus on earnings. Hence, the replication
price formulas 5 to 10 in the Appendix contain a dividend component but not an earnings
component. As a consequence, earnings are not a plausible source of issuers’ information
advantage over retail investors to price structured products. Besides this intuitive ar-
gument, we provide additionally statistical evidence that earnings information does not
drive our dividend information results. To this end, we repeat our analysis with the sub-
sample of products, for which the dividend announcement date does not coincide with
the earnings announcement date. Column (2) shows that the discontinuity at dividend
announcements is also significant in this subsample.

Third, a potential caveat of our approach is that IBES data are only updated monthly.28

Thus, some products may carry an IBES dividend estimation at the initial fixing date

26Historical IBES files are updated on each Thursday before the third Friday of every month.
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that was not yet updated after the last dividend announcement date. We repeat our
baseline analysis by omitting the products for which the IBES data were not updated
between the dividend announcement date and the initial fixing date. Column (3) shows
that our results hold in this case.

Fourth, dividend announcements could attract retail or institutional investors’ atten-
tion. Hence, attention spikes on dividend announcement dates may cause the disconti-
nuity in Markups. To derive a proxy of attention for specific trading days, we follow
Barber and Odean (2007) by defining Abnormal Trading Volume as the ratio between
a stock’s trading volume on a certain trading day and the average daily trading volume
over the previous 252 trading days. In Column (4) of Table 6, we repeat our main RDD
analysis in subsamples as in Chemmanur and Tian (2018). Specifically, we split our
sample at the sample median of Abnormal Trading Volume and test the discontinuities
of the Markups in the two subsamples. The results in Column (4) suggest that high
attention on a stock upon its dividend announcement is not the driving force behind the
discontinuity of Markups at dividend announcement dates because the discontinuities are
significant in both subsamples. In addition, the magnitude of the discontinuity coefficient
is larger in the subsample with low Abnormal Trading Volume.

A final concern is that our calculation of Markups, which uses dividend estimates
to derive the replication price, causes the discontinuity in the outcome variable around
the threshold. To address this model misspecification or pricing model error concern, we
repeat the RDD approach with an alternative measure of overpricing that is independent
of our replication price calculation. Specifically, we use unexplained product performance
(UP), which is the fraction of a product’s ex-post performance that is not explained by the
evolution of its underlying, as a measure of overpricing. The idea behind this measure is
that higher initial overpricing reduces investors’ ex-post performance from the products

(Henderson and Pearson, 2011). To obtain the outcome variable UP, we collect the
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residuals of the regression

Product Per formance; = a + 1 Return Underlying;+
Ba Product Category; + B3 Return Underlying; x Product Category;+ (4)

BaReturn Underlying? + Bs Return Underlying? « Product Category; + ¢;,

where Product Per formance is the annualized ex-post performance of product i calcu-
lated as the return between the issue price and the final payoff, and Return Underlying
is the annualized ex-post total return of the underlying of product ¢ multiplied by Delta.
Multiplying the underlying return by Delta accounts for a structured product’s sensitiv-
ity to the underlying. Since alternative product categories exhibit diverse payout profiles,
we also incorporate Category, which captures the product category of product ¢, and its
interaction with Return Underlying. Because structured products entail derivative com-
ponents, their return is not linearly related to the underlying. Therefore, we also include
the quadratic term of Return Underlying and its interaction with Product Category.
We present the regression output in Table 7. With an R-squared of 94%, the regression
model reflects the variation in Product Performance very well. The residuals of Eqn.
(4) have a standard deviation of 0.08. We use these residuals as our outcome variable

UP.2" A low UP indicates high initial overpricing.
INSERT TABLE 7 NEAR HERE

We present the results using UP as the outcome variable in our RDD in Table 8. As
expected, we find a significantly negative discontinuity in UP of —0.03 at the threshold
between treated and non-treated products. Column (2) shows that the discontinuity is

also significant for a local polynomial of order two.

INSERT TABLE 8 NEAR HERE

Overall, our RDD approach confirms the conjecture of Section 3.2 that issuers over-

2TQur results are robust to many alternative specifications of Eqn. (4), such as omitting the squared
terms of the underlying return.
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price products more when their information advantage is larger. Importantly, the results
of the RD approach allow us to distinguish our hypothesis from alternative hypotheses.
For example, it is unlikely that investors’ sophistication level features a discontinuous

jump at the dividend announcement date.

5 Product design and incomplete information

Issuers have considerable flexibility to tailor structured products (Henderson and Pearson,
2011; Célérier and Vallée, 2017), which allows us to investigate the impact of their infor-
mation advantage on product design. To this end, we employ a simple matched-sample
approach to compare the information advantage of the underlyings that issuers choose
for a product with otherwise similar underlyings that they do not choose. The goal of
this matching approach is to control for cross-underlying variation in characteristics that
may affect issuers’ tendency to select a certain underlying (Roberts and Whited, 2013).

We proceed as follows. We start by defining the set of underlyings that issuers might
choose for their structured products. We assume that this available set consists of all
underlyings that have ever been chosen by any issuer during our observation period. For
each week and underlying in the available set, we calculate Impl Vol, Hist Vol, Forc
Div, and Hist Div for a time to maturity of 255 days because this time span corresponds
to the median product maturity in our sample. We proxy issuers’ information advantage
with our Higher Vol and Higher Div dummies defined in Section 3.2.

For each underlying that issuers actually choose for a structured product, we then
select the five closest neighbors of this chosen underlying in the initial fixing week with
respect to the square root of the sum of the squared distances weighted by the inverse

t.28

sample covariance (the Mahalanobis distance) from the available se As matching

variables, we apply the underlying specific control variables from Section 3. In addition,

28The results are similar if we use, for example, the three or four closest neighbors (not tabulated).
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we impose that these matched underlyings are listed in the same index as the chosen
underlying and belong to the same industry based on the two-digit Standard Industrial
Classification (SIC) code. The underlyings of 579 products in our sample belong to the
Swiss Market Index (SMI) and those of 292 products are listed in the EuroStoxx 50
Index. We assign the remaining 141 product underlyings to the category “Other”. We
lag the matching variables by up to three weeks because issuers need to determine the
basic product characteristics such as the underlying before the initial fixing date, i.e., at
the time they initiate a product launch process (see Section 2).

Next, we calculate the portion of the chosen underlyings and the matched underlyings
for which the Higher Vol dummy is equal to one, i.e., for which the implied volatility is
larger than the historical volatility. We first lag the matching variables by three weeks.
Column (1) of Panel A in Table 9 shows that whereas 61.5% of the chosen underlyings have
an implied volatility that is larger than the historical volatility, only 56.9% of the matched
underlyings carry this volatility information advantage for the issuer. Using the one-
sided t-test, we find that this difference is statistically significant. Economically, chosen
underlyings are, on average, 8.1% ((61.5-56.9)/56.9) more likely to carry a volatility
information advantage than matched underlyings. We also calculate the portion of the
chosen underlyings and the matched underlyings for which the Higher Div dummy is
equal to one. We find that 70.3% of the chosen underlyings and 64.4% of the matched
underlyings carry a dividend information advantage for the issuer. Again, this difference
is highly statistically and economically significant. Specifically, chosen underlyings are,
on average, 9.2% ((70.3-64.4) /64.4) more likely to carry a dividend information advantage
for the issuer than matched underlyings. Columns (2) and (3) show that the results are
similar if we lag the matching variables by two or one week. Only Mean Dif ference
Higher Vol in Column (3) is borderline insignificant.

INSERT TABLE 9 NEAR HERE

Overall, our product design analysis implies that one important reason for issuers
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to select a certain underlying for a new structured product is to create an information
advantage over retail investors.

In Panel B of Table 9, we also calculate the average value of Impl Vol and Forc Div
for both chosen underlyings and matched underlyings. The financial literacy hypothesis
would imply that because retail investors are unaware of the negative impact of volatility
and dividends on structured products’ replication prices, issuers would tend to select
underlyings with higher Impl Vol and Forc Div to boost Markups. Except for Mean
Dif ference Forc Div in Column (3), however, none of the differences is significantly
above zero. Thus, our result in Panel A of Table 9, that issuers select underlyings for
which they have a stronger information advantage, cannot be explained by the alternative

financial literacy hypothesis.?

6 Robustness

We conduct several robustness tests for our overpricing and regression discontinuity re-

sults, which we summarize in this section.

6.1 Robustness of overpricing results

In Tables 10 and 11, we report on alternative specifications of the main regressions pre-
sented in Tables 3 and 4. We include Impl Vol, Higher Vol, Forc Div, and Higher Div

in all regression specifications.

INSERT TABLE 10 NEAR HERE

INSERT TABLE 11 NEAR HERE

To incorporate a potential non-linear relationship between volatility or dividend and

Markup, we consider the square product of I'mpl Vol (Impl Vol Squared) and Forc

29As an alternative test, we repeat the matching procedure by including Impl Vol and Forc Div as
matching variables. The chosen underlyings are still significantly more likely to have Higher Vol and
Higher Div dummies equal to one than the matched underlyings (not tabulated).
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Div (Fore Div Squared) in our regression model. Columns (1) of Tables 10 and 11 show
that the results for Higher Vol and Higher Div are robust to this specification.

A systematic error in the calculation of Impl Vol could introduce a correlation be-
tween our independent variable Markup and the control variables I'mpl Vol or Higher
Vol because some structured products entail options (used to calculate the Markup via
the replication price) with maturity and strike that are close to those of the control
variable I'mpl Vol. We address this endogeneity concern with the approach suggested in
Henderson and Pearson (2011). Specifically, we use the implied volatility of at-the-money
put options with a time to maturity of 182 days to define Impl Vol 182 and Higher Vol
182. We then exclude all products with a maturity below 200 days in the regression, such
that no product has a maturity close to 182. Column (2) of Table 10 shows that the
Higher Vol 182 coefficient is still significantly positive.

We also show that our results are robust to the specification of the number of trading
days over which we calculate the historical volatility of a product underlying’s return.
Specifically, we replace Higher Vol with Higher Vol 162 in Column (3) of Table 10.
The only difference in this specification is that we calculate the historical volatility used
in Higher Vol 162 over half a year (162 trading days) instead of 255 trading days prior
to the initial fixing date. Thus, Higher Vol 162 is a binary variable that is equal to
one if Impl Vol is larger than the historical standard deviation of a product underlying’s
returns over the previous 162 trading days and zero otherwise. The coefficient of Higher
Vol 162 is still positive and significant. In addition, we test a battery of alternative
time span specifications for the calculation of the historical volatility. For example, we
calculate the historical volatility over the same number of trading days as a product’s
time to maturity (not tabulated). Our results are robust to these alternative definitions.

In Column (4) of Table 10 and Column (2) of Table 11, we replace our explanatory
dummies with continuous variables. Vol Dif ference is the difference between Impl Vol

and Hist Vol. Div Dif ference is the difference between Forc Div and Hist Div. The
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coefficients of both variables are positive and significant. Thus, a larger volatility or
dividend information advantage entails a higher Markup.

Another concern with our results is a potential correlation of unobserved heterogeneity
at the product category level with at least one of the main explanatory variables. For
example, issuers may install higher Markups for certain product categories. The same
problem arises if certain issuers require higher Markups than others do. Thus, we rerun
the regressions with product category and issuer fixed effects. Our results are robust
to this alternative specification, as Column (5) of Table 10 and Column (3) of Table 11
show.

In addition, cross-sectional heterogeneity of underlyings or correlated standard errors
within underlying clusters could affect the coefficients of the information advantage prox-
ies. To address this concern, we include underlying fixed effects and clustered standard
errors at the underlying level in Column (6) of Table 10 and Column (4) of Table 11.
Our results are robust to this specification.

Next, we include a battery of additional control variables that could affect our results
in Column (5) of Table 10. We incorporate Hist Vol and Hist Div to account for the
concern that historical information could drive the results for our information advantage
proxies Higher Vol and Higher Div, respectively.

The degree of competition in the structured products market may also affect issuers’
Markup decision. Thus, we incorporate the Herfindal-Hirshman-Index (HH — Index)
as an additional control, which we calculate based on issuers’ market share of currently
active products at each date. A higher HH — Index indicates a more monopolistic
market.3°

Structured products may also serve banks as a medium-term funding source. Thus,
issuers’ funding needs can influence product pricing. As in Affinito and Tagliaferri (2010),

we control for Funding Needs with issuers’ quarterly ratio of deposits to total assets.

30We also use the number of active products and banks as alternative proxies for competition. The
results are robust to these alternatives.
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Investors face the issuer’s default risk when buying a structured product, which could
affect Markups (Baule et al., 2008). Thus, we incorporate the issuer’s CDS Spread as
a proxy for default risk. We interpolate this spread to each product’s maturity.

The economic environment influences the market conditions under which structured
products are issued. We include the Economic Barometer published by the KOF Swiss
Economic Institute as a proxy for the economic environment. The Economic Barometer
is based on the month-to-month growth rate of Switzerland’s GDP and aims to measure
the Swiss business cycle. This proxy (together with the year fixed effects and the CDS
Spread) also controls for potential financial crisis effects on overpricing.

We also control for a product’s Time to Maturity. In addition, we include a dummy
variable that is equal to one if a product has a time to maturity of one year or shorter to
control for the tax advantage of these products in Switzerland (Short —term Product).3!

Following the notion of Célérier and Vallée (2017) that complexity increases Markups,
we also incorporate a proxy for complexity. As in Célérier and Vallée (2017), we define
complexity by the number of features contained in a product’s payoff formula (Features).

Another potential concern with our volatility result is that a volatility risk premium
in the spirit of e.g., Carr and Wu (2016) affects our conjecture. We address this issue
in two ways. First, whereas the volatility risk premium may affect option prices, the
advantage of using Markups in our regressions is that the Markup corresponds to the
difference in prices between retail and institutional investors of the same payout profile.
Thus, without market frictions, the volatility risk premium should affect the prices of
the same payout profile for different investors to the same extent and, therefore, not
drive the price differential. Second, we include VSMI. VSMI is an index based on
the implied volatilities of SMI options across maturities, which is a standard proxy for
market uncertainty (Ang et al., 2006).

The result that our information advantage proxies Higher Vol and Higher Div play a

31Structured products taxation is regulated in the circular letter issued by the Federal Tax Adminis-
tration on April 12, 1999 (not available in English).
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significant role in explaining Markups is robust to these additional controls (see Column
(5) of Table 11). In addition, the coefficient of Hist Vol is significantly negative, indicat-
ing that issuers reduce Markup when an underlying recently exhibits a high volatility.3?
The significantly positive coefficient of Funding Needs suggests that products of issuers
with higher Frunding Needs exhibit larger Markups. We also find a significantly positive
relation between the economic environment and Markups. As expected, products with
a longer Time to Maturity have larger Markups. The significantly positive coefficient
of