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Abstract

Investors typically are net long volatility to hedge against market downturns, but paradoxi-
cally reduce these positions during high-risk periods. We explain this puzzle by estimating
the latent demand curves of market-makers and end-users in the zero-net-supply market
for VIX options. During high-risk periods, both demand curves shift right, but the shift
in market-maker demand dominates that of end-users. This results in reduced net long
positions of end-users, high volatility returns on long positions, and wider bid-ask spreads.
Market-makers actively manage inventory and profitability while providing market lig-
uidity, increasing demand when inventory constraints bind and when expected volatility
returns are high.
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1 Introduction

The Chicago Board Options Exchange (CBOE) introduced VIX futures in 2004, followed by
VIX options in 2006. Both products have been a resounding success, with rapidly expanding
trading volumes.! Consistent with a hedging motive, investors have consistently been net long
VIX calls (and net short VIX puts) to hedge against spikes in volatility and market downturns.?
However, the literature on volatility markets has recently highlighted two puzzling stylized
facts that occur during high-risk periods (Cheng, 2019, 2020; Atmaz and Buffa, 2023). The
first puzzle is that ex-ante estimates of the volatility risk premium fall or stay flat in high-risk
periods. The second puzzle, possibly related to the first one, is that investor volatility exposures
fall during these high-risk periods and even turn negative during extreme volatility events.
The latter stylized fact suggests that investor hedging demand declines when hedging is more
beneficial, or alternatively that investor speculation declines in periods when it is potentially
more profitable.

While the first puzzle has received substantial attention in the literature that models volatility
risk premiums (see, e.g., Atmaz and Buffa 2023; Ghaderi, Kilic, and Seo 2024; Lochstoer and
Muir 2022), the puzzling patterns in net demand remain largely unexplored. This paper aims to
fill this gap in the literature by analyzing the patterns in equilibrium volatility net demand and
their determinants, which play a key role in the volatility market’s equilibrium. Specifically,
we use the VIX option positions of various market participants constructed from the CBOE
Open-Close data to explain the second puzzle. We show that the decline in end users’ (i.e., non
market makers) net volatility exposure during high-risk periods reflects the equilibrium outcome

in a zero-net-supply market, resulting from the intersection of the volatility demand curves of

'Growth in trading activity has further accelerated in recent years. From 2015 to 2023, the average daily
volume (ADV) of VIX options grew from 570,000 to 740,000 contracts, while the ADV of VIX futures increased
from 205,000 to 215,000 contracts. By August 2024, the ADV for VIX options surged to nearly 1.2 million
contracts, while VIX futures reached 300,000 contracts.

2The strong negative relationship between market returns and changes in implied volatility is well documented.
In our sample, the correlation between daily changes in the VIX and S&P 500 returns is approximately —82%.



end users and market makers. We identify these (latent) demand curves from observable
(equilibrium) returns and end-user net positions using a structural vector auto-regression with
sign restrictions (Faust 1998; Canova and De Nicolo 2002; Uhlig 2005). This demand system
approach departs from traditional option pricing models, which typically assume that prices
respond only to information about future fundamentals or discount rates and are unaffected by
demand shocks. In contrast, our approach explicitly allows prices to depend on quantity and
demand shocks. Extracting these latent demands allows us to distinguish between the role of
end users and market makers in shaping equilibrium net demand during high-risk periods.

We find that both end-user and market-maker volatility demand shift right in high-risk
periods. However, these demand shifts are significantly more pronounced for market makers,
resulting in an increase in their net positions and a corresponding decline in end users’ positions.
Alternatively, we can interpret this demand system as an interaction between the demand of end
users and the supply of market makers. From this perspective, the increase in the two demand
curves during high-risk periods is equivalent to market makers scaling back supply while end-
user demand rises. Market makers, who typically are net short volatility through their short
VIX call holdings, reduce supply during high-risk periods to manage inventory and limit their
negative exposure to volatility. Market makers make the largest adjustments for short-maturity
options, which reflects their aversion to absorbing excessive short-term volatility risk. These
adjustments by market makers lead to a decline in net volatility exposure for end users, even
though their latent demand curve shifts right.

We conclude that from the perspective of a joint demand system, the pattern of falling end-
user net volatility exposure is not puzzling; rather, we argue that it arises from the preferences,
risk exposures, and interactions between the demand curves of market makers and end users.
Our results are robust across various definitions of net demand and option samples based on
moneyness, but the patterns are most pronounced for options that are most sensitive to the VIX

index, specifically at-the-money and in-the-money options. Additionally, our conclusions hold



when we explicitly control for the impact of the underlying asset (the VIX index) on option
prices and quantities within the demand system.

We further contextualize our findings through an analysis of Volmageddon, the most signifi-
cant volatility event yet, when the VIX index surged over 100% in a single day, rising from 18.44
at the open to 37.32 at the close after nearly a year with low volatility.> We confirm that during
this high-risk period, market-maker demand shocks strongly dominate end-user demand shocks,
leading to a dramatic reversal in market makers’ volatility exposures, as they shifted from being
net short to net long volatility. We provide additional support for this supply-driven mechanism
through a forecast error variance decomposition (FEVD) analysis of another volatility-driven
event (the Flash Crash of August 2015), as well as two major crises: the 2007-2009 Financial
Crisis and the 2020 COVID-19 crisis. The FEVD results confirm that market makers, who are
risk averse and need to manage their inventory, play a dominant role in shaping market outcomes
during these periods of elevated volatility risk. End-user volatility demand also increases (shifts
right) in high-risk periods, but their equilibrium holdings decline due to the more significant
supply reduction by market makers.

Given this finding that market makers play a critical and dominant role in volatility markets
during high-risk periods, we provide a more detailed empirical analysis of (the determinants
of) their demand curve and inventory management. Our goal is twofold: first, to validate that
the estimated market-maker demand curve exhibits properties consistent with the behavior of
liquidity providers; and second, to deepen our understanding of the economic forces driving
market makers’ behavior. We first follow Fournier and Jacobs (2020) and use the CBOE
open-close data to construct a daily measure of VIX call option inventory held by market
makers, their exposure to volatility (inventory risk), and the daily changes in their wealth. We
find that market makers reduce supply when their inventory risk (in absolute terms) increases,

but that they increase supply in response to positive wealth shocks. Second, we show that

3See Augustin, Cheng, and Van den Bergen (2021) for an analysis of this event.



market-maker demand shifts right when expected VIX futures returns increase, suggesting a
speculative determinant of market-maker demand. These patterns are particularly pronounced
for short-term options. In contrast, end-user demand does not correlate with expected VIX
futures returns across any maturity category. Finally, we find that transaction costs, captured by
daily changes in the dollar bid-ask spread, are closely associated with shifts in the market-maker
supply curve, with the expected sign. The dollar spread widens during periods of market turmoil
when supply contracts, especially for short-maturity options. These stylized facts indicate that
market makers respond to elevated volatility risk by adjusting their supply and option spreads
in an internally consistent fashion.

In summary, our analysis demonstrates that market makers should not be regarded as passive
liquidity providers; instead, they actively manage their inventories and engage in speculative
behavior. These actions affect market equilibrium, particularly during high-risk periods. Our
findings also validate the use of shocks to market-maker demand, identified through the demand
system, as a proxy for option supply and as a useful tool for analyzing how supply influences
equilibrium in volatility markets. More broadly, our findings highlight key stylized facts and
patterns in the dynamics of end-user net positions and option prices. Finally, our estimates of
the demand curves of investors and market makers are useful to understand the implications
of policy initiatives that may trigger demand and supply adjustments by end users and market
makers in these important financial markets.

The paper proceeds as follows. Section 2 reviews the literature. Section 3 describes the data,
presents descriptive statistics, and documents key patterns in the term structure of volatility
exposures and option returns. Section 4 introduces and estimates the demand system, and
highlights the role of market-maker demand during high-risk periods, the drivers of market-
maker demand, and concurrent changes in bid-ask spreads. Section 5 provides robustness
checks, including alternative definitions of high-risk periods, net exposure measures, moneyness

samples, and VAR specifications. Section 6 discusses potential extensions to the demand system



to allow for latent and observable systematic factors, and Section 7 concludes.

2 Literature Review

Our analysis is motivated by the puzzling stylized facts on volatility premia and net demand in
high-risk periods first documented by Cheng (2019).* We provide a rational explanation for
the net demand puzzle. We argue that the decline in investor net demand for volatility is due
to contracting supply in high-risk periods and therefore does not constitute a puzzle. Instead,
we highlight the critical role of market-maker demand (which can be thought of as supply in a
zero-net-supply market) during these periods, as well as their inventory risk management and
strategic interactions with end users. Our analysis has two limitations from the perspective of
the existing literature. First, while some of the existing literature discusses volatility derivatives
more in general (Atmaz and Buffa, 2023), Cheng (2019, 2020) emphasizes patterns in the
VIX futures market, while we analyze the VIX option market. The main reason for this is
that the quality of the available data on net demand for VIX options is far superior to that of
the VIX futures net demand data; moreover, they are available at a higher (daily) frequency.
However, we believe that the mechanism we highlight is also applicable to VIX futures as
these two markets are integrated, and quantities and prices are highly correlated. Indeed, we
also observe a decline in net demand for VIX futures during high-risk periods, consistent with
the patterns in VIX options. The second caveat is that while we address the quantity puzzle
highlighted by Cheng (2019), we do not seek to resolve the volatility risk premium puzzle.
Analyzing the volatility risk premium requires modeling expected future realized volatility
and the associated risk-neutral expectations; our analytical framework is by design restricted
to the historical probability measure. Specifically, our framework identifies demand curves
based on the intuitive and simple economic assumption of downward-sloping demand curves.

Modeling risk premiums requires us to model expectations and investor preferences, which is

4See Cheng (2020) and Atmaz and Buffa (2023) for additional discussion of these puzzles.

5



a much harder problem. We therefore restrict ourselves to the much simpler task of modeling
equilibrium VIX prices and quantities.

Our work is also closely related to the literature on demand-based option pricing, which
originates with Bollen and Whaley (2004) and Garleanu, Pedersen, and Poteshman (2009). One
of the central themes in this literature is how intermediary inventory risk affects option prices
and risk premiums. For important contributions to this literature, see for instance Chen, Joslin,
and Ni (2019), Fournier and Jacobs (2020), Ober (2025), Terstegge (2025), Almeida and Freire
(2025), and Crescini, Trojani, and Vedolin (2025). The main difference between our work and
this existing literature is our explicit focus on quantities, specifically the role of market makers
and investors in explaining the puzzling patterns in equilibrium net demand. We explain these
patterns by uncovering the latent demand curves, which also requires an empirical setup that is
very different from the one used in these studies.

Several recent papers propose equilibrium models to explain the (counterintuitive) switch
in sign of the variance risk premium in high-risk periods. Atmaz and Buffa (2023) shows
that this pattern arises when low-risk investors dominate a market where risk is transferred
among agents with disagreement about volatility expectations. Ghaderi, Kilic, and Seo (2024)
offer an explanation based on learning dynamics and investors’ preference for variance at
the peak of a crisis. Lochstoer and Muir (2022) emphasize the role of slow-moving biased
expectations in shaping patterns in the VIX and the variance risk premium. In contrast to these
studies, our primary focus is on explaining the (counterintuitive) demand patterns observed
in the volatility market. In this sense, our paper is more closely related to Farago, Khapko,
and Ornthanalai (2021), who model the joint equilibrium dynamics of put option demand and
stock returns in an economy with disappointment-averse investors exhibiting heterogeneous
preferences. However, in contrast to these preference-based models, our approach remains
agnostic about the underlying investor preferences that drive demand. While this approach does

not easily lend itself to integration into parametric structural models, it allows us to quantify the



relationship between market participants’ demand and equilibrium outcomes without relying on
strong assumptions. Our methodology is best described as a bottom-up approach: we start with
economically intuitive reduced-form assumptions on demand curves to identify latent demand
shifters; then we employ regression analysis to link these estimated shifters to economically
motivated variables. This method thereby allows us to infer the underlying preferences and
constraints shaping demand.

Our paper is also related to the extensive literature that models VIX options and futures.’
This literature consistently documents that expected returns on aggregate volatility are negative,
especially at short maturities.® Our findings confirm that the largest unconditional returns occur
at short maturities in the VIX options market. However, our paper differs from this literature
because our main focus is on quantities and the time-variation in net demand, rather than option
returns and variance risk premiums embedded in VIX and index option markets.’

Our empirical investigation uses the pure-sign restriction vector autoregression (VAR)
method to identify the latent demand of market makers and end users (Faust, 1998; Canova and
De Nicolo, 2002; Uhlig, 2005). This approach is part of the broader framework of structural
VAR systems reviewed by Kilian and Liitkepohl (2017). It has been applied to identify de-
mand and supply in various setups, including corporate bonds (Goldberg and Nozawa, 2021),
oil markets (Kilian, 2009), intermediary leverage (Fontaine, Garcia, and Gungor, 2023), and
index options markets (Jacobs, Mai, and Pederzoli, 2024). Finally, our work is also related to a
growing literature on demand-based asset pricing (Koijen and Yogo, 2019; Koijen, Richmond,
and Yogo, 2020; Chang, Hong, and Liskovich, 2015; Barbon and Gianinazzi, 2019; Gabaix and

Koijen, 2021), but this literature relies on different empirical methods.

3See for instance Zhang and Zhu (2006), Mencia and Sentana (2013), Zhu and Lian (2012), Park (2015),
Bakshi, Madan, and Panayotov (2015), Wang, Shen, Jiang, and Huang (2017), Lin and Chang (2009), Huang,
Schlag, Shaliastovich, and Thimme (2019), Eraker and Yang (2022), and Tong, Huang, and Wang (2022).

6See for instance Eraker and Wu (2017), Dew-Becker, Giglio, Le, and Rodriguez (2017), Ait-Sahalia, Karaman,
and Mancini (2020), and Johnson (2017).

7See, among others, Carr and Wu (2009), Bollerslev, Tauchen, and Zhou (2009), Andersen, Bondarenko, and
Gonzalez-Perez (2015), and Andersen, Fusari, and Todorov (2015) for important contributions to this literature.



3 Equilibrium in the Volatility Market: Stylized Facts

We first outline the data sources and present stylized facts regarding the unconditional (average)
patterns in volatility demand. We then examine how investors’ net volatility positions change in

high-risk periods, and we discuss the term structure of returns observed during these periods.

3.1 Patterns in Net Volatility Demand

Our baseline empirical results focus on the VIX call market, for two reasons. First, the VIX
call market is considerably larger than the VIX put market. Second, the results for VIX puts are
entirely consistent with the results for VIX calls, and therefore reporting results for both VIX
calls and puts merely duplicates the results and takes up scarce space. We therefore focus on
calls throughout, and Table A.1 in the Appendix reports the main results for puts.

We start by reporting stylized facts on the unconditional distribution of volatility trading in
the VIX call option market. The data start in February 2006 and our sample ends in February
2021. Our primary variable of interest is the quantity traded by investors (end users), which is
defined as the total number of buys minus the total number of sells by non-market makers. This
quantity is often referred to as net demand in the literature. We calculate the time series of this
quantity on every day ¢ in the sample from the CBOE Open-Close database by summing the net
demand (buy orders minus sell orders) by non-market makers across all traded option series j

on day #:3

ND, = » ND] = (Buy] - Sell}) (1)
J J

Option markets are in zero-net supply, which implies that market makers are the counterparties

8Several papers in the existing literature have used the CBOE data to construct net demand for options. For
example, Chen, Joslin, and Ni (2019), Dim, Eraker, and Vilkov (2023), and Jacobs, Mai, and Pederzoli (2024) use
these data to construct net demand for S&P 500 options, while Ni, Pearson, Poteshman, and White (2021) focus
on options on individual stocks. Gu, Guo, Kurov, and Stan (2022) use these data to analyze the net demand for
VIX options.



of the above net demand by end users. When net demand is positive, end users are on aggregate
net long volatility through their positions in VIX calls, and market makers are on aggregate net
short volatility. Net demand is different from volume, which is a non-directional measure of
trading intensity. Volume can be computed from the CBOE Open-Close database as the sum of

all buys and sell orders by non-market makers across all traded option series j on day :

Volume, = Z VOlume{ = Z(Buy{ + Selltj) 2)

J J

Net demand on day ¢ can be computed for all available options, or by groups identified by
option characteristics such as moneyness or maturity. Our baseline results report results by
maturity categories. Panels A and B of Table 1 provide summary statistics for VIX call option
net demand and volume across five maturity categories, defined by time to expiration: one
month or less (category 1), one to two months (category 2), two to three months (category 3),
three to four months (category 4), and four to twelve months (category 5). The volume data in
Panel B indicate that trading activity is concentrated in the shortest maturities (categories 1 and

2).
[Table 1 about here.]

Panel A shows that, on average, end users are net long VIX calls for all maturities; the
largest net long position is for category 2 (one to two months). A positive net demand in VIX
call options implies that investors take a net long position in volatility, thus effectively hedging
against volatility spikes. The zero-net-supply nature of the options market further implies that
the counterparties to end users, i.e., market makers, are on average short volatility, particularly in
options with between one and two months to expiration, thereby effectively providing volatility
insurance to end users. However, the very high standard deviation of ND;, particularly for
short maturities, suggests considerable day-to-day variation around these average equilibrium

positions.



[Figure 1 about here.]

Panel A of Figure 1 complements the summary statistics in Table 1 by plotting the time
series of net demand for shorter maturity (with three months or less to maturity) and longer-
maturity (with more than three and up to twelve months to maturity) options. While net demand
is positive on average, it is indeed highly volatile and frequently switches sign, particularly at
the short end of the term structure. Notably, the figure shows a sharp decline in net demand
during two major events highlighted in the figure: the COVID-19 crisis (March 2020) and
the “Volmageddon” event in February 2018, with short-term options experiencing the steepest
decline. This pattern seems puzzling, as it suggests that end-user hedging declines during
periods when long volatility exposure may be most valuable.

In summary, these stylized facts document a distinctive pattern in VIX call options trading:
end-user net demand is positive on average, but it drops sharply during major volatility events.
The next section analyzes more systematically how net demand changes during periods of

elevated (volatility) risk.

3.2 Volatility Demand in High-Risk Periods

The literature on the modeling and pricing of volatility and volatility derivatives (e.g., see Eraker
and Wu 2017, Eraker and Yang 2022, and Huang, Schlag, Shaliastovich, and Thimme 2019)
shows that the volatility risk premium embedded in these instruments compensates investors for
the stochastic nature of volatility. The size of the premium therefore depends on the parameters
governing the dynamics of volatility, particularly volatility-of-volatility. Moreover, investors
use volatility derivatives to hedge against market downturns. The most important stylized fact
driving this hedging demand is the robustly negatively correlation between market returns and
changes in volatility. Guided by these insights, we define high-risk periods in the VIX option
market as those marked marked by extreme realizations of two key measures of volatility risk:

(1) changes in the VIX index (AVIX), and (ii) the VVIX index, which captures the expected
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volatility of the VIX.?
[Table 2 about here.]

The first two rows of Panel A of Table 2 report differences in net demand and trading
volume between high- and low-risk days, defined by the top and bottom quintiles of the AVIX
(left panel) and VVIX (right panel) distributions for the five maturity categories. The results
clearly indicate a sharp decline in net demand for short-term options (categories 1, 2, and 3) on

high-risk days, accompanied by a rise in trading volume in categories 1 and 2.
[Figure 2 about here.]

Panel A of Figure 2 provides additional insight into the differences in net demand patterns
across risk regimes documented in Table 2. We plot (the term structure of) average VIX call net
demand during high-risk (in red) and low-risk (in blue) periods, defined as the top and bottom
quintiles of daily VIX changes (AVIX), along with the unconditional average (in brown).'?
The red line, representing high-risk periods, shows a pronounced downward shift in the term
structure of average net demand: net demand is significantly negative for category 1 and slightly
negative for category 3 during high-risk periods. In contrast, net demand on low-risk days is
positive across all maturities, like the overall average, highlighting the stark difference in market
equilibrium in different volatility risk regimes.

Overall, these results confirm that the patterns in net demand during the financial crisis and
Covid-19 periods evident from Figure 1 are more systematically present in the volatility market
during times of elevated risk. These findings confirm that the quantity puzzle in the volatility
market documented by Cheng (2019) and Atmaz and Buffa (2023) for the VIX futures market

is also present in the VIX option market. Before we proceed with a more structural analysis in

Section 4, we now argue that these net demand dynamics cannot be explained by exclusively

°In Section 5.1, we demonstrate that our findings are robust when using alternative risk indicators.
10We present results for a single risk measure for expositional brevity. Figure A.1 presents the corresponding
results based on the VVIX, which are similar. Figure A.2 in the Appendix reports the 95% confidence intervals.
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considering the actions of investors, which in turn motivates our analysis of the actions of

market makers.
[Figure 3 about here.]

As emphasized above, these patterns in net demand are not due to reduced trading activity;
in fact, Panel B of Figure 2 clearly shows that trading volume is very high during high-
risk periods. A competing explanation for the observed patterns is that investors are closing
profitable positions during high-risk periods. Constrained investors may be cashing in their
hedges without replacing them, possibly due to liquidity or funding constraints. Panels C and D
of Figure 2 partly support this view: net demand computed from closing existing positions by
end users becomes increasingly negative during high-risk periods, with an upward-sloping term
structure, while net demand computed from opening new positions also declines.!! However, if
this were the entire story, we would expect the overall position of end users in VIX call options
to simply decline, or at most drop to zero, during high-risk periods. In fact, these positions turn
negative.

We contextualize this by considering the patterns in net demand during two major events in
our sample. Figure 3 shows the daily inventory positions for market makers in VIX call options
during the Volmageddon (Panel A) and COVID-19 (Panel B) crises.'? Prior to Volmageddon,
market makers held negative inventories, consistent with selling volatility to end users. But
just prior to February 5, 2018, inventory spiked sharply, turned positive, and remained elevated
for several days, indicating that end users not only closed their long volatility positions but
switched to a net short volatility position. A similar pattern emerges during the COVID-19
crisis. While market-maker inventory initially remained negative, it started increasing and

turned positive around March 11-12, 2020, coinciding with the WHO’s pandemic declaration.

"'The CBOE Open-Close data distinguishes between trades that open new positions and those that close existing
ones. We calculate net open demand as open buy minus open sell orders, and net close demand as close buy minus
close sell orders.

12We measure daily inventory as the negative of cumulative net demand from firms and customers, aggregated
by maturity category.
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Inventory stabilized in April but again turned positive in June amid renewed concerns about a
second wave. In both episodes, end users did not simply reduce exposure: they actually reversed
their positions from net long to net short volatility. These patterns suggest that the sharp drop
in net demand is not (fully) attributable to reductions in end-user demand, but instead suggests
that more complex equilibrium dynamics involving both demand and supply are driving the

market outcome.

3.3 Patterns in Volatility Returns

It is critical to keep in mind that traded quantities in financial markets and the net positions
of end users represent equilibrium outcomes. If the supply curve of end users’ counterparties
(market makers) is not infinitely elastic, equilibrium net demand reflects the intersection of
all market participants’ demand curves, not just the hedging needs of end users. Prices (or
returns) are also determined in equilibrium and adjust in response to shifts in both end-user and
market-maker demand. The observed dynamics of market equilibrium are captured by the joint
time series of realized prices and traded quantities, which reflect simultaneous shifts in both
demand curves.

Therefore, to fully characterize how market equilibrium evolves during high-risk periods,

it is essential to examine not only traded quantities (net demand), but also prices. We focus

Pi—Pi
P

on option returns, calculated as . Panel C of Table 1 indicates that VIX call returns are
unconditionally highly negative for short maturities, consistent with the fact that the negative
variance risk premium embedded in VIX call options is most pronounced at the short end of
the term structure.'® In contrast, Panel E of Figure 2 shows that returns on high-risk days are

positive and that the term structure slopes downward.

From the perspective of a demand system, the observed pattern of low net demand and

13See for instance Eraker and Yang (2022) and the return patterns in the VIX futures market (Hu and Liu, 2024)
and the SPX variance swap market (Dew-Becker, Giglio, Le, and Rodriguez, 2017). VIX futures returns, reported
in Panel D of Table 1, are highly correlated (about 90%) with VIX call returns, confirming the role of VIX calls
as effective instruments for gaining exposure to the VIX index.
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high returns in VIX call option market during high-risk periods may not be puzzling. As
in the demand-supply frameworks of Cohen, Diether, and Malloy (2007) and Chen, Joslin,
and Ni (2019), these dynamics can be rationalized by a dominant negative supply shock, or,
equivalently, a positive demand shock from market makers who want to reduce their negative
exposure to volatility. The underlying mechanism is intuitive: during periods of heightened
volatility risk, market makers may become less willing to supply options and/or require higher
compensation to do so, resulting in reduced quantities traded at higher prices. The next section
formalizes this intuition by estimating a demand system that jointly identifies the demand curves

of both market makers and end users.

4 A Market Maker Perspective

This section analyzes the role of market makers in determining market equilibrium in the VIX
option market, with the goal of explaining the puzzling drop in net demand during high-risk
periods. We start by introducing a demand system that incorporates the demand curves of both
end users and market makers. Market-maker demand can also be thought of as supply. Next
we discuss the estimation results and the results from a forecast error variance decomposition
(FEVD) analysis. Finally, we provide additional evidence in support of the demand-supply
framework and highlight the importance of the supply channel by examining the determinants

of market-maker demand and the behavior of bid-ask spreads during high-risk periods.

4.1 The Demand System

We model the demand system in the VIX option market using linear reduced-form demand
curves, following a bottom-up approach in the spirit of Goldberg and Nozawa (2021) and
Jacobs, Mai, and Pederzoli (2024). Rather than deriving demand functions from a utility-

maximization framework as in Koijen and Yogo (2019), we start with simple reduced-form
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relationships between equilibrium price and quantity, and we use the estimation results to infer
the underlying preferences and constraints of the various market participants.

The demand system for each option j is given by:

Pij =BumjOmmsj+Emmy,j

3)

P =PBeu,jQEusj + EEUL)

where P; ; is the price of option j, and Quum,,;j (QFu,,;) is the quantity of option j traded by
market makers (end users). The MM and EU subscripts refer to market makers and end users,
respectively. By, ; and Bpy,; represent the (negative) slopes of the demand curves, while
emm,,; and gy ; denote the shifters of the curves. Because options are in zero net supply, in
equilibrium we have Qyy,1,; = —QEu s, and the market-maker demand curve can equivalently
be interpreted as a supply curve. Without loss of generality we define the equilibrium quantity
to be the end user quantity, that is, Q; = Qrys,; = —Omm,,j- Our empirical implementation
measures the quantity variable using net demand on day ¢, and the price variable using returns,
which capture price innovations.'* Note that the quantity variable is therefore also equal to the
change in market participants’ inventories.

Estimating this type of demand system presents a major challenge: prices and quantities are
jointly determined in equilibrium, making it difficult to separately identify the distinct demand
shifters for different market participants. However, for our application, which consists of only
two types of agents (end users and market makers), the Structural Vector Autoregression (SVAR)
methodology with sign restrictions, proposed by Uhlig (2005) and implemented in Goldberg and
Nozawa (2021) and Jacobs, Mai, and Pederzoli (2024), provides a straightforward and effective

approach to identifying the system. The estimation consists of two main steps:'> First, we

141t is preferable to use price differences rather than levels for statistical reasons. Our use of returns is consistent
with the literature on dynamic option pricing models, which usually models the change in the log price, d In(P;).

SHere we limit ourselves to an intuitive discussion of the model mechanics. For a detailed discussion of the
framework and the estimation procedure, see Appendix A.
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estimate a standard Vector Autoregression (VAR) consisting of option returns and net demand
(along with their lags) using a Bayesian approach to obtain the reduced-form residuals u s,
and ugy,, j.16 Second, we orthogonalize the residuals to recover the uncorrelated structural

demand shocks gyyp,,; and gy, as follows:

UMM t,j A EMM t,j ail an| (EmMm.,j + +| |EMM,,j @)

UEU 1,j EEU.,j a1 ax| | €eu.,; — +| | €EULj

Identification of these structural shocks relies on sign restrictions imposed on the impact
matrix A: both end-user and market-maker demand shocks are assumed to raise prices on
impact, but, due to the dual nature of the market, they have opposite effects on Q; ;, the quantity
traded by end users.

Note that the demand system in equation (3), its identification, and the estimation procedure
align with basic economic intuition and the standard notion of demand and supply equilibrium
in any market. While the toolkit is different, it is also entirely consistent with the structure of the
demand system in the equilibrium model of Koijen and Yogo (2019). However, the framework
differs from traditional option pricing models, which typically assume that prices respond only
to information about future market conditions or discount rates, but not to demand shocks.
Traditional models emerge as a special case within our framework: for example, if prices evolve
according to the Heston (1993) stochastic volatility model, the slopes By y,; and Bey,j are zero,
and the two demand equations in equation (3) collapse into a single equation with the price
shifter reflecting the expected future dynamics of the underlying asset and its volatility.

We estimate the system separately for five “representative” option series, each corresponding
to one of the maturity buckets analyzed in Section 3.1, thatis, j = 1,...,5. On each day, the
representative option’s net demand is defined as the aggregate net demand within the maturity

bucket (as introduced in equation (2)), and its return is computed as the average return of

16The optimal number of lags is chosen based on the Bayesian Information Criterion (BIC).
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the options in that bucket. We deliberately focus on the estimation of option-specific demand
curves, which allow us to study differences in demand and supply across maturity buckets.
Alternatively one might want to focus on demand curves for the entire VIX option market.
Section 6 implements an extension in which the individual option-level shocks are assumed to
follow a linear factor structure with loadings on common systematic demand and supply factors.

‘We show that this additional structure does not affect our main conclusions.

4.2 Latent Demands in High-Risk Periods

The main output of the demand-system estimation described in the previous section is a time
series of orthogonal demand shocks, or latent demands, eua7,1,; and gy, j, which capture the
time-series evolution of the demand curves across the five option maturity categories. Panel
C of Figure 1 plots the time series of the thirty-day moving average of the estimated end-user
and market-maker demand for short-maturity options (up to three months to expiration) and
long-maturity options (between three and twelve months). It is informative to compare these
latent demand series with the net demand time series shown in Panel A of Figure 1. Both
latent demand series fluctuate substantially over time, alternating between positive and negative
values. However, an important difference between the time series of equilibrium net demand
and latent end-user demand is that during volatility events such as Volmageddon and COVID-
19, net demand drops sharply, while latent end-user demand does not decline; in fact, it slightly
increases. Even more importantly, the figure clearly shows a large positive spike in market-
maker demand during these periods, indicating a desire for additional long volatility exposure.
This qualitative analysis suggests a central role for market makers in determining the decrease
in equilibrium net demand observed during high-risk periods.

Panel F of Figure 2 shows that these patterns are more general and not limited to the
Volmageddon and COVID-19 episodes. We plot the average term structure of end-user and

market-maker demand on high- versus low-risk days. Both demand curves increase when risk
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is high and decrease when risk is low. The figure also reveals a pronounced downward-sloping
term structure during high-risk periods, indicating that the largest increases in demand occur for
short-maturity options. Panel A of Table 2 provides statistical confirmation that demand shocks
differ significantly between high- and low-risk days, with both demand curves spiking up when
risk is high.!” Panel F of Figure 2 further shows that while the term structures of end-user and
market-maker demand appear nearly overlapping during low-risk periods, the market-maker
demand curve is consistently higher than the end-user curve on high-risk days. Panel B of Table
2 formally tests and confirms the statistical significance of this difference, and indicates that the
strongest effect is observed for maturity category 1.

Overall, the demand system estimation reveals that during periods of market stress, end-user
demand shifts right, consistent with increased hedging desire by investors. However, a more
pronounced upward shift in market-maker demand curves, which can also be interpreted as
a negative supply shock, results in lower equilibrium end user net demand. This mechanism
is most evident at the short end of the term structure, which results in a downward-sloping
conditional term structure of end-user demand shocks during periods of market turmoil. It is
important to note that this analysis does not (seek to) explain why market makers behave this
way. It merely shows that market makers appear more constrained on high-risk days, exhibit
less willingness to write options, and reduce their short volatility positions. Section 4.4 explores

the potential determinants of these shifts in the demand curve through a regression analysis.

4.3 Which Demand Shock Dominates in High-Risk Periods?

In the previous section, we showed that during high-risk periods, the market-maker demand
curve shifts right more than that of end users, suggesting that the puzzling decline in equilibrium
net demand is driven by a supply-side mechanism. This section formally tests this hypothesis

using the forecast error variance decomposition (FEVD) associated with the estimated VAR,

7As in Section 3.2, high- and low-risk days are defined using quantiles of the AVIX and VVIX variables.
Section 5.1 confirms the robustness of the results using alternative measures of risk.
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which quantifies and compares the relative contributions of market makers and end users to the

variability of future equilibrium net demand.
[Table 3 about here.]

Table 3 reports the difference between the one-step ahead FEVD of net demand attributable
to end-user demand versus that attributable to market-maker demand. A positive value indi-
cates that end-user demand explains a greater share of next-day net demand variability, while
negative values imply a dominant role for market-maker demand. The results are expressed
in percentages, ranging from -100 (entirely driven by market makers) to 100 (entirely driven
by end users). Panel A reports the results for the full sample estimation for each of the five
different option maturity categories. Overall, market makers and end users contribute almost
equally to next-day net demand variability. However, market makers play a slightly larger role
at the short end of the term structure: their variance contribution exceeds that of end users by
7% in category 1 and 4% in category 2.

We now test whether market-maker dominance becomes more pronounced during major
crisis episodes. Panel B of Table 3 focuses on two major volatility events (“Volmageddon”
and the “Flash Crash”) which mark the two largest single-day changes in the VIX index in
our sample, and Panel C analyzes the peaks of the 2008 financial crisis and the COVID-19
crisis.'® We re-estimate the demand system using short windows surrounding the events, and
we compare the contributions of end user and market-maker demand to next-day net demand.”

Panel B of Table 3 shows that during the two major volatility events, market makers play a
more prominent role in shaping next-day net demand across all maturities compared to the full-

sample results. For instance, in Category 1 (Category 5), their variance contribution exceeds

'80n February 5, 2018, the rebalancing of leveraged short VIX products triggered a cascade in the VIX market,
commonly referred to as “Volmageddon” (see Augustin, Cheng, and Van den Bergen, 2021). On August 24, 2015,
the S&P 500 dropped 5% within minutes, an episode widely referred to as the “Flash Crash”.

19For the two volatility events, we use data windows starting one week before and extending two months after
each event date. The resulting data windows are August 8, 2015 to October 24, 2015, and January 29, 2018 to
April 5, 2018, respectively. For the financial crisis and COVID-19 crisis, we use data windows from September
22 to November 22, 2008 and from February 16 to April 16, 2020, respectively.
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that of end users by approximately 40% (7%) during the Flash Crash and by 16% (8%) during
Volmageddon. Panel C of Table 3 further shows that during the financial crisis and the COVID-
19 crisis, the influence of market makers also increases relative to the full sample. However, in
these cases, the effect is more concentrated at the short end of the term structure, specifically in
maturity Category 1 during the financial crisis, and in Categories 1 and 2 during the COVID-19
period.?”

Overall, our findings confirm that market-maker demand plays a crucial role in the determi-
nation of equilibrium net demand, or equivalently, the resulting inventory positions in the VIX
call market, particularly during periods when risk is elevated. It is likely that these adjustments
reflect responses to inventory constraints, as well as efforts to enhance profitability. The next
section investigates these potential determinants of market-maker demand more closely using a

regression analysis.

4.4 The Determinants of Market-Maker Demand

This section examines the economic determinants associated with shifts in the market-maker de-
mand curve. Our goal is to empirically identify factors that correlate with, and help distinguish,
market maker behavior from that of end users. Specifically, we test two hypotheses: (i) whether
observed demand curve shifts are consistent with inventory management considerations; and
(i1) whether they align with expectations about future VIX levels and changes.

The first channel investigates if market makers shift their demand curve to manage inventory
constraints. Our prior is that when facing inventory pressure, market makers will provide less
liquidity to end users. This behavior is consistent with earlier evidence that market-maker
demand drives future equilibrium net demand. Following Fournier and Jacobs (2020), we

construct two daily measures of market maker constraints. The first is a measure of daily

20Unlike the results in Panel B, we also observe positive FEVD values for some maturities during these crises,
indicating that investor hedging demand remained strong in the VIX call option market even during periods of
heightened risk.
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changes in their volatility exposure, denoted Alnventory Risk as in Fournier and Jacobs (2020),
computed as the daily change in market makers’ delta-weighted inventory across all option
series. The second is a measure of daily changes in their wealth, denoted AWealth, which
accounts for delta-hedged profits and losses from their inventory positions, as well as revenues

from the bid-ask spread.’!
[Table 4 about here.]

Table 4 reports the results of regressing market-maker and end-user demand shocks on
Alnv Risk;_; and AWealth,_;.2> The second row of Table 4 shows that market-maker demand
is significantly related to past inventory risk in one-month options (category 2), where market
makers face the largest positive order imbalance from end users (as documented in Table 1). The
negative coefficient indicates that, when holding a larger negative volatility position, market
makers strategically shift their demand curve rightward, or equivalently, reduce supply, to
mitigate exposure. In contrast, end-user demand does not respond to past changes in market-
maker inventory risk. The third row of Table 4 shows that, following a positive wealth shock,
market makers tend to increase supply (decrease demand) across maturities, as reflected in
lower demand shocks. Conversely, end-user demand rises with past changes in market-maker
wealth, suggesting an overall expansion in market activity after positive shocks to market maker

wealth. Taken together, these results confirm that supply contracts when inventory constraints

2ISpecifically, daily changes in market maker wealth are calculated as the sum of delta-hedged profits and losses
(P&L) and bid-ask spread revenue, net of exchange fees, aggregated across all option series. The delta-hedged
P&L for option series j is calculated as:

P&L; = Inventory; ,_; X (Pj; = Pj ;-1 = Aji1 X (F; = Fi_1))

where P; ; is the option price, and F; is the underlying futures price. We also account for bid-ask spread revenue,
net of exchange fees, based on liquidity provision on both sides of the order book:

BA; = min(Buy;, Sell;) x (Dollar Spread; — Fee),

The fee is $0.05 when the option price is below $0.11, and $0.23 when it exceeds that threshold (for reference, see
the CBOE fee structure: https://www.cboe.com/us/options/membership/fee_schedule/cone/).

22We use the first lag of these variables because market maker inventory and profits on day ¢ are mechanically
linked to the equilibrium quantity traded on the same day.
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are binding. These findings suggest that our estimates of market maker supply have significant
economic content. They also suggest that the supply contraction observed in high-risk periods,
which helps explain the puzzling drop in end-user net demand, may at least partly reflect
concerns about inventory.

Next we explore the hypothesis that market makers may behave more strategically than
end users, who are primarily motivated by hedging needs and presumably less sensitive to
expectations of future profits. Specifically, we test whether market makers adjust their demand
curves in response to expected future VIX returns in an effort to enhance inventory profitability.
We proxy these expectations using the expected return on a long VIX futures position, following
the approach in Cheng (2019).2

The regression results in the first row of Table 4 show that market-maker demand shocks
are significantly and positively related to expected VIX returns, with decreasing loadings and
R-squares as a function of maturity. When expected returns on volatility increase, market
makers shift their demand curves to the right, increasing inventory and potentially profiting
from greater exposure to the expected positive volatility payoffs. This effect is particularly
pronounced for short-term options in maturity categories 1 and 2. Further supporting the
interpretation that market makers behave strategically and maximize profits, Panel A of Table
A.2 in the Appendix compares average VIX option returns on days when market makers are
net long volatility through VIX call options versus days when they are net short.”* The results
show that option returns are positive when market makers are long, and significantly negative
when they are short. The difference is statistically significant, suggesting that market makers

are, on average, increasing profits when adjusting inventory.

21
23We obtained the daily expected VIX futures returns, computed as [%{XT} R 1, from the author’s

website, where F; is the current price of the VIX future expiring next month, and E, [VIX7] is the ARMA forecast
of the VIX at maturity. See Cheng (2019) for details.

24For this analysis, we compute market makers’ volatility positions by delta-weighting their inventories across
all VIX call options in the five maturity categories, and we calculate average option returns by taking the average
of individual option returns.
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In contrast, the regression results in Table 4 show that end-user demand shows no sensitivity
to expected VIX futures returns. This does not imply that end users are irrational. One
explanation is that end users are primarily or exclusively motivated by hedging concerns.
An alternative explanation, consistent with the model in Lochstoer and Muir (2022), is that
investors form subjective expectations about volatility and potentially display an excessive
mean reversion bias, which leads to lower correlations between their demand and objective
expectations. Moreover, end users may respond more slowly to rising economic risk. This slow
adjustment is also consistent with the model in Lochstoer and Muir (2022), which explicitly
allows for sluggish investor reactions to changes in volatility conditions. This interpretation also
aligns with our earlier evidence presented in Table 2, which shows that while end-user demand
increases in response to heightened volatility risk, it increases less than market-maker demand.
The interaction between a sharply adjusting market-maker curve and a less responsive end-user
curve may also help explain the observed decline in the variance risk premium during high-risk
periods.? Intuitively, our demand curve estimates suggest that when risk increases, VIX option
prices increase due to upward shifts in both curves. However, because investors revise their
expectations and demand more slowly than market makers, the increase in option prices does
not fully reflect the rise in expected future volatility, which results in a negative variance risk
premium.

In summary, this section shows that market makers increase their demand for options when
expected profits from holding long VIX positions are high, reduce their supply when their
inventory risk increases (in absolute value), and expand their supply following a positive shock
to their wealth. These findings suggest that market makers do not merely provide liquidity, but

strategically manage inventory risk and profits.

Z5Panel B of Table A.2 in the Appendix confirms the decline in the VIX premium on high-risk days documented
by Cheng (2019), based on our definition of high-risk days.

23



4.5 Bid-Ask Spreads in High-Risk Periods

Our findings indicate that market makers behave strategically by scaling back supply during
high-risk periods and actively managing inventory risk to enhance profitability. However,
market makers are not only compensated by returns on their inventory, but also via the bid-ask
spread. When constrained, they are therefore likely to adjust both inventory positions and
spreads in a consistent manner. We therefore complement our analysis of VIX option market
equilibrium by examining bid-ask spreads during turbulent periods. We expect (i) bid-ask
spread changes to be closely related to supply shocks, and (i1) patterns in the term structure of
bid-ask spreads on high-risk days to reflect market makers’ constraints.

We define the spread as the dollar difference between the end-of-day best ask and bid
prices reported by OptionMetrics for each option series. Daily spreads are computed within
each maturity category by averaging across all option series in the sample. We focus on the
dollar spread, because it reflects the actual trading costs and represents the earnings of liquidity

providers who buy at the bid and sell at the ask while maintaining a neutral position.?%

[Table 5 about here.]

Panel A of Table 5 presents summary statistics on the term structure of daily bid-ask spreads
for VIX call options. Spreads are notoriously wide in the options market, and VIX options are
no exception. A market maker buying at the bid and selling at the ask earns about 35 cents
per option in category 1, and 20 to 30 cents for the longer maturities.”’ The spread’s standard
deviation is also high, particularly at the short end of the term structure, indicating significant

time-series variation.

26 An alternative measure is the relative spread, defined as the dollar spread divided by the mid-option price.
While this better captures transaction costs from the investor’s perspective, the dollar spread is a better proxy for
the earnings of liquidity providers.

?TInvestors often pay less than the quoted spread due to price improvement protocols that favor uniformed order
flows such as retail trades. However, quoted and realized spreads are usually positively correlated, with the quoted
spread serving as an upper bound on execution costs for riskier trades.
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Panel B of Table 5 shows the differences between the average spread on high- and low-risk
days, based on the risk indicators discussed in Section 3.2 (the change in the VIX index and
the level of the VVIX). On high VVIX days, spreads rise significantly. The term structure is
downward sloping, indicating that market makers widen the spreads more for short-maturity
options on high-risk days. These changes are economically significant: for maturity category
1, the difference in spreads between high and low VVIX days is 75 cents, which is about two
times the unconditional average of 35 cents.

This connection between the dollar spread and turmoil in volatility markets suggests that
market makers actively manage spreads, especially when they face tighter constraints. To
further validate this hypothesis, Panel C of Table 5 presents regressions of daily changes in
the dollar spread on the demand shocks of market makers and end users. The results show
that when market makers shift their demand curve to the right, signaling their efforts to reduce
negative inventory, the dollar spread increases. Similarly, when end-user demand increases, the
spread also increases, suggesting that market makers seek compensation for providing liquidity.
However, the effect of end-user shocks is less strong, with lower loadings and R-squares,
especially for maturity categories 1 and 2. The difference is most pronounced in category 2,
where the coefficient on market-maker shocks is twice as large as that for end-user shocks, and
the R? is significantly higher. This confirms that the dollar spread is more closely linked to
shifts in market-maker demand.

In summary, this section documents that variations in the dollar spread are closely related to
shifts in market-maker demand with the expected sign, suggesting that market makers manage
their positions by adjusting mid-prices, traded quantities, and transaction costs in an internally

consistent fashion.
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5 Robustness

This section presents robustness checks and additional analyses. First, we re-examine the average
levels and term structures of equilibrium net demand, returns, latent demands, and spreads across
high- and low-risk periods based on alternative measures of risk. Next, we repeat our baseline
empirical analysis using option samples segmented by moneyness categories, using samples
of out-of-the-money (OTM), at-the-money (ATM), and in-the-money (ITM) options. We also

assess the sensitivity of our baseline results to alternative definitions of net demand.

5.1 Alternative Measures of Risk

In our baseline analysis, we examine differences in equilibrium net demand and latent demand
between high- and low-risk periods, using two proxies for risk: daily changes in the VIX, and the
VVIX level. To investigate the robustness of our findings, we now re-examine the differences
in (the term structure of) equilibrium net demand, returns, latent demands, and spreads using
alternative risk measures: the daily change in unstandardized risk-neutral skewness (ASkew),
computed according to Bakshi and Kapadia (2003),%® daily returns on the S&P 500 index

(rs&p500), and the level of the VIX index.
[Table 6 about here.]

Panel A of Table 6 compares average option returns and net demand on high- and low-risk
days using these alternative risk proxies.?’ Consistent with our baseline results, returns on
short-maturity options (category 1) are higher on high-risk days and equilibrium net demand is
lower. We find higher returns across maturities and risk measures, but the decline in net demand
is more sensitive to the risk proxy. When using the bottom quintile of ASkew or rsgpsoo to

define high-risk periods, we observe a reduction in net demand for short maturities. In contrast,

28We use non-standardized skewness to distinguish asymmetry risk from volatility risk.
2Since ASk and rsgpsoo are more negative during high-risk periods, for these two risk proxies we define
high-risk days as those in the bottom quintile and low-risk days as those in the top quintile.
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when using the top quintile of the VIX level to define high-risk periods, we observe a decline
in net demand for all maturities. The largest decline occurs for maturity category 2, which
has the highest unconditional equilibrium net demand (see Panel B of Table 1). Panel A also
decomposes net demand into its net open and net close components. When risk is proxied by
ASkew or rsgpsoo, investors tend to unwind existing long positions more aggressively, while
opening a limited number of new net long positions. In contrast, when high-risk periods are
proxied using the VIX level, we observe a distinct pattern: investors reduce the number of new
net long positions in short-term options, while they close existing long positions in long-term
options more aggressively.

Both market maker and end-user demand increase on high-risk days, regardless of the risk
proxy. Panel B also shows that while both demands are on average positive during high-risk
periods, the increases in market-maker demand is larger. The relative magnitudes of these
demand increases depend on the risk measure: when using ASkew or rsgpsoo, the effects are
larger for short-maturity options (category 1), whereas when using the VIX index, the effects
are larger for longer maturities (category 5). These patterns suggest that different risk measures
highlight different inventory risks faced by market makers.

Finally, the last row in Panel A shows that dollar spreads widen significantly on high-risk
days, particularly for short-maturity options, except when high-risk periods are defined using
the bottom quintile of ASkew. This finding further supports the view that market makers also

adjust transaction costs in response to higher risk.

5.2 Results by Option Moneyness

The sample of VIX call options used in the main analysis includes options across all moneyness
categories. We now separately analyze options that are out-of-the-money (OTM), with 0.125 <
A < 0.375; at-the-money (ATM), with 0.375 < A < 0.625; and in-the-money (ITM), with

0.625 < A < 0.875. Moneyness on day 7 is determined by the option’s delta on day ¢ — 1, as
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reported by OptionMetrics.

[Table 7 about here.]

Panel A of Table 7 presents the unconditional term structure of net demand by moneyness
category. Net demand is generally positive across categories, indicating that investors typically
hold net long positions in VIX call options regardless of moneyness. Panel B reports the
difference in net demand between high- and low-risk days. Overall, net demand is lower on
high-risk days for ATM and ITM options, especially for short maturities, consistent with the
findings from the baseline sample which includes all options. The evidence is less strong for
the OTM sample. While most coeflicients are negative, they are statistically insignificant. The
only (marginally) significant coefficient for the difference between high- and low-risk days in
OTM options is a positive net demand difference in maturity category 5, when using the VVIX
as the risk proxy.

Panel C examines the conditional term structure of demand shocks, similar to the baseline
analysis in Table 2. This evidence is based on VARSs estimated using each of the three moneyness
samples separately. Once again, the results for ATM and I'TM options largely mirror those of
the baseline analysis: shocks are positive and high on high-risk days for both market makers
(MM) and end users (EU), but larger for market makers, especially at the short end of the term
structure. The estimated effect is stronger for ITM options compared to ATM options. For OTM
options, there is less evidence of significant differences in MM and EU shocks on high-risk
days.

Overall, these results suggest that the results in Section 3.2 and 4 are mainly driven by
ITM and ATM options. This finding is intuitively plausible and highlights the role of options’
sensitivity to VIX as a key risk factor for market makers. During turbulent periods, market
makers are particularly interested in reducing inventory in options that carry higher exposure to

volatility.
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5.3 The Definition of Net Demand

Our baseline analysis uses net demand in equation (2), which measures the net number of
contracts (buys minus sells) purchased by end users or, equivalently, the net number of contracts
supplied by market makers. This measure is the most obvious input for our analysis, because it
proxies the total daily change in market makers’ inventory.

However, the literature has used alternative plausible measures of net demand. This section
considers some of these alternative demand measures. A first alternative, which we denote as
ND?2;, weighs the net demand of each option series by its absolute delta, accounting for the
different risk exposures of options with different moneyness to the underlying VIX index. It

has been used in, among others, Holowczak, Hu, and Wu (2014) and Jacobs and Mai (2024).

ND2, = )" (Buy] - Sell))|A,] (5)
J

Like the baseline net demand measure, N D2, tracks changes in market makers’ inventory.
However, instead of measuring inventory in contracts, it expresses it in terms of shares of
the underlying asset (in this case, the VIX). Based on our analysis of different moneyness
categories in Section 5.2, we expect this measure to yield qualitatively similar, if not stronger,

results compared to our baseline analysis.
[Table 8 about here.]

Table 8 presents the results, which are indeed largely consistent with those in Table 1 and
2 that use the baseline net demand variable. Panel A indicates that unconditionally, ND2
is positive for all maturity categories, with a very small negative value in category 1 as the
only exception. Panel B documents that on high-risk days, the term structure of ND?2 shifts
downward, confirming that end users reduce their net long positions in high-risk periods. Panel

C shows that demand shocks for both MM and EU are positive and large on high-risk days, with
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MM demand shocks consistently exceeding EU demand shocks, especially at the short end of
the term structure. Once again this aligns with our findings obtained using ND.
The second alternative net demand measure we consider, which we denote by N D3;, scales
the net number of contracts purchased by investors by the total volume traded on day :
. (Buy - Selt)

ND3, = . . (6)
J J
2 (Buy; + Sell})

This measure, used for example in Muravyev (2016), is a scaled version of our baseline net
demand measure and is bounded between -1 and 1. A value of 1 indicates that all orders are
buys, while a value of -1 means all orders are sells. ND and ND3 capture different aspects
of the order flow. While ND tracks changes in market-maker inventory, ND3 captures the
directional uniformity of the total order flow. Intuitively, the same change in market-maker
inventory can produce very different ND3 values when scaled by volume, and similar ND3
values can result from very different levels of order flow when expressed in contracts.

Panel A of Table 8 shows that ND3 is positive across all maturity categories, with a
monotonically increasing term structure, indicating that order flow as a percentage of total
volume becomes more directional in longer-term options. Panel B documents that on high-risk
days, the term structure of ND3 shifts downward, while Panel C shows that both EU and
MM demand shocks are positive and high during high-risk days, with MM shocks generally
exceeding those of EU. These findings are consistent with earlier results using N D, albeit less
statistically significant.

However, the results for ND and N D3 differ in the term structure dimension. While the
ND demand measure leads to more pronounced effects at the short end of the term structure,
the results based on N D3 do not yield a clear maturity pattern. In fact, Panel B shows that on
high-risk days, ND3 experiences a larger decline at longer maturities, likely because ND3 is

unconditionally higher for longer-term options. Additionally, Panel C indicates no clear term
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structure in the strength of the two demand shocks, which may be due to high volumes at the
short end that are heavily influenced by end user activity.

Overall, these results based on alternative net demand measures confirm the shift in order
flow from end users to market makers during periods of market turmoil. The VAR estimates
also confirm the greater importance of market-maker demand shocks during high-risk periods.
The critical difference is that the proxies that more closely track the changes in the dollar
value of market-maker inventory, such as ND and ND?2, produce more significant results and
additionally reveal significant term structure patterns, highlighting that market makers are highly
focused on managing the risk of short term options in their portfolios during periods of market

distress.

6 Extensions

We introduce several potential extensions to our framework to allow for latent and observable
factors. We use these extensions to discuss how our setup is related to the existing option
valuation literature, as well as the main dimensions in which it is different. We also implement

and estimate several of these extensions, and discuss their implications.

6.1 Incorporating Latent and Observable Factors

Following Black and Scholes (1973) and Heston (1993), most of the existing option valuation
literature starts from the dynamics of the underlying security. Our approach is different in
several dimensions; we consider two of them absolutely critical. First, existing approaches
exclusively model price (dynamics), while we study quantity as well as price. Second, existing
option pricing models typically start from a factor model. In the Black-Scholes case, the
underlying security return is the sole factor. In the case of the Heston (1993) model and its

many generalizations, the variance of the underlying security is added as a second factor, or
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multiple factors are used that are aggregated up to the variance of the underlying. An interesting
distinction between these popular factors is that while the return of the underlying security is
observable, the variance of the underlying and/or its components are most generally thought of
as latent or unobservable.

We now show that our framework is actually closely related to these alternative models, in
the sense that it can be easily extended to include latent and/or observable factors. However, a
critical distinction in the context of our framework is to decide whether we want to model these
factors as endogenous or exogenous. Note that in most existing models this distinction is not
addressed, because they are exclusively focused on the dynamics of the equilibrium price. To
illustrate the relation between our approach and the existing literature, consider the following

straightforward extension of equation (A.5) in the Appendix for options with maturity j:

P oMM (P b2 P |k ghM
oJ MM,i, MM,i, 1=i,j Lj o’
|y [T P

, EU — P 0 . ) EU
Qt’] a] l—l bEU,l,_/ bEU,l,] Ql-l,] k2,] gj,t

where F; is a factor.>® We think of this factor as systematic because it affects all option samples
J. In the option pricing literature such systematic factors can be observable, such as the return
on the underlying security, or latent, like the variance of the underlying security. However, both
latent and observable factors are generally thought of as exogenous. In our setup, it is possible to
instead include the factor F; among the endogenous variables of the system. On the other hand,
an exogenous factor FEX; can be thought of as a special case of a three-variable VAR which
imposes restrictions in the matrix of lag coefficients (b matrix) and in the contemporaneous

impact matrix A;, as follows:

30For expositional simplicity we consider the case of a single factor, but it is straightforward to generalize this
to the case of multiple factors.
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where * indicates an unrestricted matrix entry. In words, an exogenous factor does not respond
to the lagged or contemporaneous values of the other variables, but it can contemporaneously
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affect them.”" The resulting restricted structural VAR can be estimated following Liitkepohl

(2005) and Kilian and Liitkepohl (2017).3

6.2 Modeling the Underlying VIX

When considering factors F;, the first candidate that comes to mind is the underlying security.
We therefore implement an extension of the model that explicitly incorporates the effect of the
VIX index on option prices. Specifically, we estimate an extended VAR that includes AVIX as
an additional variable alongside price and quantity. We implement the general case where the
VIX is treated as endogenous, but as discussed above it is possible to implement a restricted
version where the VIX is exogenous. The extended VAR model features three equations and,
consequently, three shocks: the two demand shocks (market-maker and end-user), as in the

baseline analysis, and a new risk shock, as follows:

3'We can further relax the restrictions in equation (7), because a factor is still exogenous if it is affected by
lagged values of the other variables, provided it is not affected by their contemporaneous values.

3Identification is thus once again achieved using the sign restrictions. Alternatively, the projection of the
observables on the factors can be used to generate additional identifying restrictions.
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where * once again indicates an unrestricted matrix entry. To estimate this extended VAR and
orthogonalize the shocks, we restrict the impact of demand shocks on price and quantity using
the same restrictions applied in Section 4, while allowing the effect of demand shocks on AVIX

and the impact of the new risk shock on the variables to remain unrestricted.>
[Table 9 about here.]

For robustness we also analyze the impact of the underlying VIX through an analysis that
estimates the demand system from Section 4 using delta-hedged returns as price variable instead
of simple option returns. Table 9 reports the average estimated shocks for market makers and
end users using delta-hedged returns (Panel A) and the extended VAR (Panel B) during high-risk
days, defined by the top 20% of VVIX days or the bottom 20% of S&P 500 days.** The results
consistently indicate that, during high-risk periods, both market-maker and end-user shocks are
positive and high, signaling a rightward shift in both demand curves. However, in line with
our previous findings, the increase in market-maker shocks exceeds that of end-user shocks,
particularly at the short end of the term structure. This suggests a reduction in market-maker
supply on high-risk days, significantly influencing market equilibrium.

We conclude that our main conclusions on volatility demand are not changed by explicitly
taking into account the impact of the dynamics of the underlying VIX index on equilibrium

price and quantity.

3The estimation follows the same procedure as before, with an additional step that discards impact matrices
with two columns that display identical sign pattern. This step is required for identification, as outlined in Kilian
and Liitkepohl (2017).

34In this analysis, we do not consider the risk variable AVIX as a criterion for defining high-risk days to avoid
potential mechanical effects arising from its inclusion in the VAR. Instead, we use S&P 500 returns.
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6.3 Modeling Other Observable Factors

Again by analogy with the existing literature on dynamic option pricing, another candidate
factor F; is the (stochastic) variance of the underlying VIX, which would be typically modeled
as latent. The presence of a latent VIX variance substantially complicates estimation and
identification, and we therefore keep it for future research. Note that this complication is not
specific to our modeling approach. Estimation of dynamic option pricing models with latent
variables is inherently difficult and computationally intensive.

A more straightforward avenue to analyze the importance of the VIX variance is to use the
observable VVIX and include it in the VAR as in equation (8). We conduct this analysis with
both the level and the first difference of VVIX. Table A.3 reports the results. Once again our
main conclusions on volatility demand are not affected.

Finally, while we believe the VIX is the most logical factor to include in the VAR, some
may be interested in proxies for the (physical) variance of the S&P 500 stock market index
that underlies the VIX. Table A.3 therefore also reports results of an analysis that includes the
change in the realized index variance, ARV %> Our conclusions are also robust to the inclusion

of ARV in the VAR.

6.4 Identifying Latent Common Factors

A potential critique of specifying observable and latent factors is that there may be other latent
factors affecting option prices, and omitting them may bias estimation results. It may therefore
be preferable to not take a stance on the factors and let the data identify them. There are various
avenues available to implement latent common factors. A straightforward one is to focus on
the shocks themselves. Specifically, we extend our framework by assuming that the option-

specific shocks are driven by common systematic components. Empirically, this extension is

33The Oxford-Man Institute of Quantitative Finance provides daily realized variance data based on 5-minute
intraday returns. We compute annualized realized volatility by taking the square root of this variance and
multiplying it by V252. Daily changes in realized variance (ARV) are then used in VAR estimation.
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supported by a principal component analysis of the time series of shocks across the five maturity
categories: the first three components explain approximately 80% of the total variance. The
first component alone accounts for 57% of the variation in market-maker shocks, and 51% of
the variation in end-user shocks.

To allow for latent common factors, note that asset pricing theory commonly imposes a
linear factor structure on returns, which are the key variable of interest. In our setting, however,
both returns and quantities are jointly determined and informative about the equilibrium. If
we impose a standard linear factor structure on returns and extend this assumption to include
quantities, it follows from the linearity of the demand curves that the resulting supply and
demand shocks will also exhibit a common linear factor structure. Formally, assuming that a
single systematic factor drives the maturity-specific shocks, the demand system for options with

maturity j can be expressed as:

, MM l P 0 . eMM
Py @ byimij Owmig||Pr-is Br.;&;
= + + Aj
. EU ; P Q o gkl
Q1 @; i=1 bEU,i,j bEU,i,j Qr-i,j B2,j&;

where e"M and sf U denote the common systematic supply and demand shocks, respectively.

While such systematic factors can be proxied in various ways, a natural choice is to use the
demand and supply shocks estimated from the full sample of VIX call options (including all
moneyness and maturities). We follow this approach and subsequently estimate the factor
loadings B ; and B ; by regressing the option-specific shocks on these systematic factors.
Table 10 confirms that option-specific shocks load strongly on the systematic demand and
supply factors, which explain a substantial portion of their variation, ranging from 23% to 65%,
depending on maturity. Most importantly, our conclusions regarding market maker behavior
and the determination of equilibrium net demand are confirmed when we use these projections

instead of the maturity-specific demand and supply.

[Table 10 about here.]
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In summary, modeling maturity-specific volatility demands as linear functions of a common
systematic factor is supported by the data, and this extension does not affect the paper’s main

conclusions.

7 Conclusion

VIX futures and option markets have grown rapidly since their introduction, mainly because
these securities can be used to hedge against market downturns. Consistent with this intuition,
end users are on average net long VIX call options to hedge their long position in the market
index. However, they paradoxically reduce these net long positions in high-risk periods. We
resolve this puzzle by recognizing that the net long or short position of end users at any point
in time is an equilibrium outcome that results not only from their demand curve, but also from
the demand curve of market makers. Because these option markets are in zero net supply, the
market-maker demand curve can equivalently be thought of as a supply curve.

We use a structural VAR with sign restrictions to estimate the time series of end users’ and
market makers’ latent demand curves from the equilibrium net positions of end users and returns.
Our findings indicate that both end user and market-maker demand curves shift right during
periods of market turmoil, but the change in market-maker demand dominates, especially for
options with short maturities. The equilibrium outcome in these high-risk periods is therefore
characterized by reduced net long positions of end users and high returns on long volatility
positions.

Given this finding that market-maker demand is the main determinant of equilibrium in
this market, we analyze the determinants of market-maker demand. Market makers tend to
reduce supply (increase demand) when inventory risk rises, yet expand supply in response to
positive wealth shocks. Market-maker demand is also related to expected profits on the volatility

positions, while this is not the case for end-user demand. Additionally, we find that bid-ask
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spreads widen during turbulent times, suggesting that market makers also adjust spreads to
manage inventory. Once again these patterns are particularly strong for short-maturity options.
Overall, our findings highlight the strategic actions of market makers, who aptly manage

inventory risk and maximize profits while providing liquidity.
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Figure 1: Time Series of Net Demand, Option Returns, and Demand Shocks
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This figure displays the time series of the thirty-day moving average of daily net demand
(Panel A), option returns (Panel B), and the estimated demand shocks (Panel C) for short- and
long-maturity VIX call options. Short-maturity options are defined as those with less than
three months to expiration (categories 1, 2, and 3), while long-maturity options have maturities
between three and twelve months (categories 4 and 5). The figure also highlights two significant
events: the Volmageddon in February 2018 and the onset of the COVID-19 crisis in February
2020.

43



2000

1000

-1000

-2000
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This figure shows the conditional term structure of net demand (Panel A), volume (Panel B), net
close demand (Panel C), net open demand (Panel D), and option returns (Panel E) on high-risk
and low-risk days. High (low) risk days are identified as those within the top (bottom) quintile
of AVIX,. Panel F plots a similar term structure for market-maker (MM) and end-user (EU)
demand shocks.
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Figure 3: The Time Series of Inventory in Two High-Risk Periods
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This figure plots daily inventory positions for market makers in VIX call options with short matu-
rities (under three months) and long maturities (four to twelve months) during the Volmageddon
(Panel A) and COVID-19 (Panel B) crises. Daily inventory is measured as the negative of
cumulative net demand from firms and customers, aggregated by maturity categories. The time
series spans four weeks around the Volmageddon event, from January 08, 2018 to March 05,
2018, and twelve weeks before and after the COVID-19 crisis, from November 09, 2019 to July
18, 2020.
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Table 3: Forecast Error Variance Decomposition (FEVD) of Net Demand

Maturity 1 2 3 4 5

Panel A. Full sample -748  -432 -0.54 1.00 0.39

Panel B. During Volatility Events
Flash Crash (Aug 17, 2015 - Oct 24, 2015)  -41.58 -8.25 -22.17 -475 -1.29
Volmageddon (Jan 29, 2018 - Apr 05, 2018) -1591 -29.78 -3.95 -43.58 -8.70

Panel C. During Crises
Sep 22, 2008 - Nov 22, 2008 -13.17 2043 340 2.46 5.86
Feb 16, 2020 - Apr 16, 2020 -11.96 -14.89 1.37 2656 -11.56

This table reports the difference between the one-step ahead forecast error variance decom-
position (FEVD) of net demand attributable to end-user demand versus that attributable to
market-maker demand. We present results for the full sample estimation (Panel A) and for the
estimation of the demand system using four subsamples (Panels B and C). Specifically, Panel B
reports results for two major volatility events, with each window spanning from one week before
the event date to two months after: (i) Flash Crash, August 17 — October 24, 2015 (event date:
August 24, 2015), and (ii) Volmageddon, January 29 — April 5, 2018 (event date: February 5,
2018). Panel C reports results for two crisis periods: (i) September 22 —November 22, 2008
(financial crisis peak) and (i1) February 16 — April 16, 2020 (Covid crisis peak).
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Table 5: The Term Structure of the Bid-Ask Spread

Panel A. Bid-Ask Spreads: Summary Statistics

Maturity 1 2 3 4 5
Mean 0.36 0.26 0.20 0.22 0.27
Std 0.61 0.45 0.19 0.19 0.23
Skewness 8.40 13.50 19.86 11.52 9.97
Kurtosis 103.66 254.89 652.37 258.22 245.58

Panel B. Average Spread Difference on High vs. Low Risk Days

Maturity 1 2 3 4 5
AVIXy - AVIX, 0.04 0.00 0.02 0.01 0.01
VVIXy - VVIX 0.75"* 0.33** 0.05"* 0.04* 0.04*

Panel C. Regressing ASpread,; on the Demand Shocks

Maturity 1 2 3 4 5

MM shocks 7.17 7.49. 6.02 5.71. 7.39*
t-stat [3.46] [1.78] [1.51] [1.69] [1.98]
R? 3.50 3.90 7.83 10.64 13.68
EU shocks 5.35* 4.68" 5.66 4.60. 7.34.
t-stat [2.35] [2.91] [1.47] [1.65] [1.67]
R? 1.91 1.50 6.95 6.86 13.44

Panel A presents summary statistics for the term structure of the dollar spreads. Panel B shows
the difference in average spreads between high- and low-risk variable days. High- and low-risk
days are identified using the top (bottom) quintile of AVIX or VVIX. Panel C shows the results
of univariate regressions of ASpread; on market maker (MM) or end user (EU) demand shocks.
The coeflicients are multiplied by 100 and standard errors are calculated using Newey-West
correction with 20 lags. *** ** * and ‘. indicate significance at the 0.1%, 1%, 5%, and 10%
level, respectively.
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Table 10: Identifying Systematic Demand Factors

Panel A: Systematic Shocks in High-Risk Days

AVIXgy VVIXy
MM shocks 0.89*** 0.38***
EU shocks 0.72%** 0.21"
Diff 0.17** 0.17*
Panel B: Regressing Demand on Systematic Shocks
Market-Maker Demand Shocks
Maturity 1 2 3 4 5
Sys MM Shocks; 0.74" 0.79** 0.71% 0.59* 0.52%
[13.62] [14.85] [15.62] [12.59] [8.81]
R? 57.16 64.97 53.85 38.19 28.21
End-User Demand Shocks
Maturity 1 2 3 4 5
Sys EU Shocks; 0.70* 0.73* 0.66** 0.52% 0.47
[21.61] [13.32] [14.22] [9.55] [8.04]
R? 49.98 55.66 46.65 29.74 23.13

Panel A reports differences in market-maker (MM) and end-user (EU) systematic demand
shocks between high- and low-risk days. The systematic demand shocks are estimated from
the demand system using the combined sample of VIX call options comprising all maturities.
Panel B presents the results obtained by regressing MM shocks or EU shocks on the MM or EU
systematic demand shocks. The regressions are performed separately for each option maturity
category. Standard errors are calculated using Newey-West correction with twenty lags. ***,

** % and ‘. indicate significance at the 0.1%, 1%, 5%, and 10% level, respectively.
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APPENDIX

A Identifying the Demand Curves Using Sign-Restricted VARSs

This section outlines the framework we use to identify end users’ and market makers’ demand

equations in the VIX call option market:

Pum; =BumQumms+ Emmy
(A1)

Prys = PBeuQEu, + €EU,

Here, P; and Q, respectively denote the equilibrium option price (P; = Pyy; = Pey,y) and
quantity traded by either market makers (MM) or end users (EU). The zero net supply in the
option market requires that Qs + Qpy = 0. We simplify notation by representing the
end-user quantity as Q; = Qrys = —Omm -

Our approach employs the pure-sign restriction vector autoregression (Uhlig, 2005) to
identify demand shocks, €y and gy ;.

Let y, = (P; Q) represent the stacked vector of endogenous prices and quantities in the
reduced-form ¢-lag VAR:

[
Y, =a+ Z BiY, ; +u, (A.2)
i=1

where u; is the reduced-form residual, a (2 x 1) vector with covariance matrix E[u,u;] = Z.
B; is a (2 x 2) matrix of coeflicients, fori € (1,...,£), and a is a (2 X 1) vector of constants.
This forms a system of two equations with price and quantity as the endogenous variables—a
reduced-form of the system in Equation (A.1). To identify the market makers’ and end users’
demand equations, we decompose the residuals u; into orthonormal structural or fundamental

shocks. The mapping from these orthonormal fundamental shocks &;, with E[g;&7] = I, to the
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residual u, is through the matrix A, as follows:

u, = Ag; = X = Eluu;] = AE[g,6/]A’ = AA’. (A.3)

Identifying structural shocks is equivalent to identifying the impact matrix A. To distinguish
the first equation as the market-maker demand equation and the second as the end-user demand
equation, the pure-sign restriction approach imposes specific sign restrictions on the elements

of matrix A:

P
U, EMM, ¢ ail an| |EmMm: + | |EMmMm
=A = = (A4)
0
u; EEU a1 an| | €euvs — +| | €EUs

The columns of matrix A demonstrate the impact of each demand shock on prices and quanti-
ties: when both end users and market makers experience positive shocks, prices rise, but end
users’ quantity traded (Q;) moves in opposing directions. These sign patterns are essential for
identifying shocks in the structural VAR framework, as noted by Kilian and Liitkepohl (2017).
The resulting restrictions are basic, reflecting core economic intuition about demand curves in
a zero net-supply context.

Once we identify the impact matrix A, we can recover the structural shocks &, = A~ u;,.
However, the admissible matrix A is not unique; the estimation of the shocks and the coefficients
of the system is based on the average of the estimates obtained for all admissible matrices A.

We implement the estimation of the pure-sign restricted VAR using a Bayesian approach,
following Uhlig (2005). This approach can be summarized in six steps. First, we estimate the
reduced-form VAR({) using ordinary least squares (OLS), where the optimal number of lags ¢

is chosen based on Bayesian Information Criterion (BIC):

MM I P 0 MM
o v =1 bgU,i bgU,i Qi ufv



Second, we assume a diffusive conjugate Normal-Wishart prior for (B,X), where B = [a, By, ..., Bi],
and draw 100 samples from the posterior over B and X. Third, for each sample of X, we draw
1,000 samples of an orthonormal matrix Q uniformly from the unit circle using QR factor-
ization. Fourth, we compute the candidate impact matrix A, = LQ, where L is the lower
triangular Cholesky decomposition for each sample of X.3° We then verify if Ay, satisfies the
sign restrictions of Equation (A.4) and discard any samples that violate the sign restrictions.
Fifth, for each retained A,,, we recover the structural shocks &, = Ay, ', and finally, in the
sixth step of the estimation procedure, we calculate the mean of the shocks from the retained

draws.

Other Supplementary Figures and Tables
[Figure A.1 about here.]
[Figure A.2 about here.]
[Figure A.3 about here.]
[Table A.1 about here.]
[Table A.2 about here.]

[Table A.3 about here.]

3%Note that any matrix A such that X = AA’ can be expressed as a permutation of the Cholesky matrix through
an orthonormal matrix Q: A = LQ.
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Figure A.1: The Conditional Term Structures on High and Low VVIX Days

Panel A. Net Demand

Panel B. Volume

A
‘ All days
90000 & \\ ®Low \}IVIX days
2000 \ 4 High WIX days
\
60000
0
30000+
-2000
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1000 40001
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-3000 1000
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1 2 3 4 5 1 2 3 4 5
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0.1 0.41
T — A _l A A
D —a 0.2] \//
0.0
'///H 0.01 '
‘\k//o\\.?/.
; y | | | ) -0.2! : : . .
01 1 2 3 4 5 1 2 3 4 5

This figure shows the conditional term structure of net demand (Panel A), volume (Panel B), net
close demand (Panel C), net open demand (Panel D), and option returns (Panel E) on high-risk
and low-risk days. Panel F plots a similar term structure for market-maker (MM) and end-user
(EU) demand shocks. High (low) risk days are identified as those within the top (bottom)
quintile of VVIX,.
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Figure A.2: The Conditional Term Structure on High and Low AVIX Days, Including
95% Confidence Intervals

Panel A. Net Demand Panel B. Volume
A All days
2000 900001 = e Low AVIX days
[ 4 High AVIX days
0
60000/
-2000
30000/
-4000 J T
1 2 3 4 5 1 2 3 4 5

Panel C. Net Close Demand
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1000/
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I | | | | 0
1 2 3 4 5
Panel E. Option Returns Panel F. Demand Shocks
- Demand Type ® End-user ¢ Market-maker
0.4 o All days ® Low AVIX days 4 High AVIX days
0.2
0.0
-0.2

This figure shows the conditional term structure of net demand (Panel A), volume (Panel B), net
close demand (Panel C), net open demand (Panel D), and option returns (Panel E) on high-risk
and low-risk days, along with 95% confidence intervals. Panel F plots a similar term structure
for market-maker (MM) and end-user (EU) demand shocks. High (low) risk days are identified
as those within the top (bottom) quintile of AVIX,.
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Figure A.3: The Conditional Term Structure on High and Low VVIX Days, Including
95% Confidence Intervals

Panel A. Net Demand Panel B. Volume
| All days

2500 100000 ®Low \}/VIX days
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This figure shows the conditional term structure of net demand (Panel A), volume (Panel B), net
close demand (Panel C), net open demand (Panel D), and option returns (Panel E) on high-risk
and low-risk days, along with 95% confidence intervals. Panel F plots a similar term structure
for market-maker (MM) and end-user (EU) demand shocks. High (low) risk days are identified
as those within the top (bottom) quintile of VVIX,.
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Table A.1: Results for VIX Put Options

Panel A. Summary Statistics of Net Demand

Maturity 1 2 3 4 5

Mean -323.51 -1593.41 -398.5 -97.01 53.38

Std 15338.12 12297.21 8429.38 3233.86 2906.19

Skewness 5.26 -7.60 -13.35 -0.74 -1.02

Kurtosis 99.32 162.02 411.24 23.74 38.54

Panel B. Average Net Demand Difference on High vs. Low Risk Days

Maturity 1 2 3 4 5

AVIXy - AVIX; 8636™* 1485* 677" 430* 439**

VVIXy - VVIX,. 3195 2554 355 301 228

Panel C. MM vs. EU Demand Shocks on High-Risk Days

Maturity 1 2 3 4 5
AVIXy

MM shocks -0.89*** -0.82% -0.78** -0.78"* -0.76"*

EU shocks -0.63™ -0.71" -0.70%** -0.65% -0.63%

Diff -0.26% -0.11* -0.08* -0.14* -0.12%
VVIXy

MM shocks -0.28% -0.33" -0.25% -0.28% -0.26%

EU shocks -0.21 -0.17% -0.25% -0.22% -0.21%

Diff -0.07 -0.15* 0.00 -0.06 -0.05

This table reports the results for VIX put options. Panel A presents summary statistics of net
demands, Panel B presents the difference in average net demands between high and low risk
days, and Panel C presents the average value of market-maker (MM) demand shocks, end-user
(EU) demand shocks, and their difference in days in the top 20% quintile of AV /X and top 20%

quintile of VVIX.
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Table A.2: Additional Evidence on Market-Maker Profit Maximization and the Variance
Risk Premium Puzzle

Panel A. Option Returns and MM Volatility Exposure

Average Option Return

MM Vol Exposure> 0 0.0283
MM Vol Exposure< 0 -0.0058*
Diff 0.0341.

Panel B. AVIXP on High vs. Low Risk Days
Average AVIXP Difference

AVIXy - AVIX, -0.66**
VVIXy - VVIX, -0.17
VIXy - VIX, -0.18
ASkew; - ASkewy -0.43.
r's&P500,L - ¥'S&P500,H -0.05

Panel A presents the average option returns on days when market makers have positive versus
negative volatility exposure, along with the difference between these returns. Panel B presents
the difference in average AVIXP (daily changes in the VIX premium) between high versus low
risk days. High (low) risk days are defined as those in the top (bottom) quintile of AVIX, VVIX,
VIX, or the bottom (top) quintile of ASkew and rgg psoo. ***, **, *, and ‘.” indicate significance
at the 0.1%, 1%, 5%, and 10% level, respectively.
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