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Abstract

Central Counterparties (CCPs) act as critical firewalls in the financial system, yet their resilience

remains opaque to market participants due to proprietary data restrictions. This paper bridges this in-

formation asymmetry by developing a structural simulation framework relying solely on publicly available

quantitative disclosures (PQD). Applying a t-copula and continuous-time macro-factor model to nine sys-

temically important global CCPs, we dissect the interplay between member concentration and systemic

tail events. Our simulations reveal that while CCPs generally maintain prefunded resources compliant

with Cover-2 standards with limited contagion risk from large member defaults, capital requirements

for clearing members’ default fund contributions potentially underestimate shared losses under extreme

market conditions, particularly in the post-COVID-19 environment. By quantifying the nonlinear am-

plification of credit risk driven by member concentration and macroeconomic stress, this study provides

a mechanism to subject the CCP black box to greater market discipline without requiring privileged

supervisory data.
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1 Introduction

The post-2008 regulatory framework fundamentally altered the topology of global financial markets by

mandating the central clearing of standardized over-the-counter (OTC) derivatives. By substituting a net-

work of bilateral exposures with a hub-and-spoke model, Central Counterparties (CCPs) have become the

critical firewalls of the financial system. However, this centralization of risk creates a paradox: while CCPs

reduce counterparty risk through multilateral netting, they concentrate systemic risk, effectively becoming

too interconnected to fail. A failure of a major CCP—or the exhaustion of its financial resources during a

member default—could trigger catastrophic liquidity spirals and asset fire sales at the system level.

Despite their systemic importance, CCPs remain largely opaque “black boxes” to market participants.

While regulators possess granular data on clearing member (CM) portfolios, outsiders (including the very

banks exposed to the default waterfall) face severe information asymmetry. Without visibility into the pro-

prietary positions of other members, market participants struggle to independently verify the adequacy of

a CCP’s margin requirements or the sufficiency of the mutualized default fund. This opacity undermines

market discipline; if participants cannot accurately price the tail risk of the default waterfall, they can-

not efficiently allocate capital against it. Furthermore, Bank Holding Companies (BHCs) face significant

challenges in estimating their own counterparty credit risk (CCR) and regulatory capital requirements for

centrally cleared exposures, as these calculations depend on the unobservable portfolio correlations of other

clearing members.

This paper bridges this information gap by developing a structural simulation framework that reverse-

engineers the credit risk profile of nine systemically important global CCPs using solely publicly available

quantitative disclosures (PQD). Unlike prior literature that relies on theoretical abstractions or privileged

supervisory data, we propose a methodology that empowers market participants to subject CCP resilience

to independent scrutiny. We model the joint default of systemically important clearing members—typically

Global Systemically Important Banks (GSIBs)—using a t-copula framework calibrated to market-based

credit default swap (CDS) spreads, allowing us to capture the tail dependencies inherent in financial stress

events.

We extend this base framework with a continuous-time model driven by macroeconomic factors (using

the VIX as a proxy for systemic stress) to analyze the dynamic evolution of wrong-way risk—the tendency

for credit quality to deteriorate precisely when market volatility and margin requirements spike. This dual

approach allows us to stress-test the Cover-2 regulatory standard and quantify the potential shared losses

allocated to surviving members under various concentration scenarios, specifically the “Whale” distribution

where risk is heavily concentrated in a few dominant members.

Our analysis yields three critical economic insights regarding the resilience of financial intermediation.

First, we document a nonlinear amplification of credit risk driven by member concentration. Scenarios

assuming a “Whale” distribution of clearing activity consistently generate significantly higher projected

losses compared to uniform distributions, a finding that is particularly acute in the post-COVID-19 regime

where credit risk has structurally increased.

Second, our results indicate that CCPs generally maintain sufficient prefunded financial resources—including

Initial Margin (IM) and Default Fund (DF) contributions—to withstand the simultaneous default of their
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two largest clearing members, supporting the view that current risk management frameworks provide sub-

stantial resilience even under severe stress scenarios. At the same time, our analysis highlights an area where

greater alignment and transparency may be beneficial. Specifically, our simulation results suggest that, in

tail events, the losses allocated to surviving clearing members can potentially exceed the Basel III capital

requirement applied to default fund exposures. While the existing capital framework appears broadly effec-

tive, these findings indicate that it may not fully capture the magnitude of shared tail risk in extreme but

plausible scenarios, particularly for GSIB affiliated clearing members. This suggests scope for refinement

to ensure that regulatory capital more closely reflects the distribution of systemic risk during stress events,

without detracting from the overall robustness of the current regime.

Finally, we construct a quantifiable index of systemic stress by aggregating potential losses across the

global clearing ecosystem. We find that although the absolute magnitude of potential losses associated

with large member defaults increased substantially following the pandemic, doubling in some upper bound

estimation scenarios, the resulting spillover effects remain contained relative to the total capital of G-SIB

parent banks.

By converting opaque disclosures into transparent risk metrics, this study contributes to the literature on

financial infrastructure resilience and the design of default waterfalls. More broadly, we offer a mechanism

for enhanced market discipline, demonstrating that transparent, public data can be leveraged to monitor the

“black box” of central clearing and evaluate the efficiency of capital regulations in the derivatives market.

The paper is organized as follows: Section 2 provides a literature review on modeling CCP counterparty

exposure and systematic risk, followed by the data summary and methodology introduction. Section 4

introduces our base model and presents empirical analyses for nine major CCPs. Section 5 extends our

framework to assess systemic risk through the advanced model, incorporating a macro factor. Finally, we

conclude by summarizing key findings and outlining promising avenues for future research.

2 Brief Literature Review

The 2008 global financial crisis underscored the critical role of Central Counterparties (CCPs) in main-

taining financial stability, spurring extensive research into CCP risk management. Duffie and Zhu (2011)

argue that while CCPs can reduce counterparty risk, they may also concentrate systemic risk, with the

benefits of netting depending on clearing member numbers and position correlations. Cont and Kokholm

(2014) extend this analysis, demonstrating more robust systemic risk reduction benefits when considering

realistic market structures.

Recent literature focuses on systemic risk in CCPs and their capacity to cover member default losses.

Biais, Heider and Hoerova (2012), Menkveld (2017), Capponi, Cheng and Sethuraman (2017), Chang (2019),

Wang, Capponi and Zhang (2022), and Ghamami, Paddrik and Zhang (2023) demonstrate how CCPs can

become conduits for systemic risk. Armakolla and Laurent (2017) propose a framework for assessing CCP

financial resource adequacy using extreme value theory. Paddrik and Young (2017) employ agent-based mod-

eling to study contagion in CCP networks, revealing far-reaching consequences of major clearing member

defaults. Carter, Garner and Khou (2021) investigate CCP skin-in-the-game’s role in aligning incentives,
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finding that higher CCP capital levels can lead to more prudent risk management. Elliott (2013) provides a

comprehensive analysis of CCP default waterfalls, emphasizing skin-in-the-game capital importance. Huang

and Takáts (2020) examine loss allocation mechanisms, highlighting the need for balance between mutual-

ization and individual responsibility. Murphy, Vasios and Vause (2016) analyze the procyclicality of margin

requirements, while Glasserman and Wu (2018) propose a novel margin-setting approach accounting for joint

member default and market movement distributions. Wendt (2015) reviews CCP stress testing practices,

identifying areas for improvement in extreme scenario design.

A growing body of literature addresses CCP recovery, resolution, and regulation. Singh and Turing (2018)

examine challenges in CCP recovery and resolution, advocating for clearer legal frameworks and pre-planned

strategies. Domanski, Gambacorta and Picillo (2015) provide a regulatory perspective on CCP resilience,

emphasizing international coordination. Cox and Steigerwald (2017) discuss the evolving CCP regulatory

landscape and its financial stability implications. Capponi et al. (2020) analyze CCP liquidity management,

proposing mechanisms to enhance central bank liquidity access. Heath et al. (2016) examine the network of

CCP-member exposures, emphasizing the importance of considering interdependencies in risk management.

In modeling counterparty risk for clearing members, Arnsdorf (2012b), Arnsdorf (2014), Arnsdorf (2019),

and Berndsen (2023) propose practical methods for estimating shared losses for clearing members. Arnsdorf

(2014) provides the mathematical foundation for breaking down CCP total risk to the member level, an

approach we adopt in our study.

This literature reveals a complex landscape of risks and mitigation strategies in CCP operations. While

significant progress has been made, our study makes four unique contributions: (1) we introduce a simulated

base framework for studying CCP credit risk, providing a new approach to quantifying and analyzing poten-

tial exposures for both CCPs and surviving clearing members; (2) we pioneer the use of publicly available

data, enhancing transparency in CCP risk assessment; (3) we develop a macro factor-based model to examine

systemic risk to financial stability arising from large clearing member defaults, offering insights into potential

contagion effects; and (4) we rigorously test CCP resilience under various default scenarios and risk concen-

tration assumptions, providing a comprehensive evaluation of CCP robustness in diverse market conditions.

These contributions collectively advance our understanding of CCP risk management and financial system

stability.

3 Data and Methodology

3.1 CCP Default Waterfall

CCPs and large banks affiliated CMs are crucial entities in the centrally cleared derivatives ecosystem,

with large members dominating client clearing. In this system, all participants interact with a single CCP

rather than directly with each other. As a CM, the bank clears both proprietary and client positions,

posting collateral and contributing to a guarantee fund. To manage risk, CCPs employ a multi-layered

default waterfall system, as illustrated in Figure 1. This structure begins with the defaulting member’s

margins, followed by their DF contribution, the CCP’s “skin-in-the-game,” (SITG) and then non-defaulting

members’ contributions. In extreme cases, additional assessments on surviving members or recovery plans
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may be implemented.

The default waterfall framework ensures CCPs are highly resilient, with default possible only in extreme

scenarios where a CM defaults and surviving CMs cannot cover the mutualized loss. Even then, systemically

important CCPs have resolution processes to maintain critical functions and mitigate financial stability risks.

Large GSIBs must meet capital requirements for their default fund contributions. This paper examines

scenarios involving GSIB affiliated CM defaults, focusing on three key issues: (1) estimating the expected

shared loss for surviving GSIBs as CMs of CCPs and assessing if their capital requirements cover this loss;

(2) testing whether CCPs have sufficient prefunded resources to cover losses in such scenarios, including

examining the probability of CCPs experiencing losses beyond their assessment powers; and (3) estimating

the extreme loss when large GSIBs default across all CCPs to measure potential systemic risk to the financial

system.

To address these questions, we develop a simulation-based approach modeling the default of the top

10 CMs for major global CCPs. This approach allows us to estimate the shared loss resulting from GSIB

affiliated CM defaults and calculate the proportional loss allocation to surviving CMs. We begin by exam-

ining individual CCPs under various assumptions, studying potential losses for surviving CMs and testing

whether CCPs maintain sufficient prefunded resources to withstand large CM defaults. We then extend our

simulation model to assess systemic risk by analyzing scenarios where large CMs default across all major

CCPs simultaneously.

Our study employs two distinct Monte Carlo approaches to estimate potential losses from member de-

faults, focusing on simulating two key measures: member default occurrence and the resulting loss. The first

approach, a discrete-time model, simulates events on a monthly basis over a one-year period, using market-

traded CDS spreads and a t-copula model to simulate correlated CM defaults. Loss exposure is derived

from simulated Initial Margin (IM) for defaulting CMs. This method allows us to examine individual CCPs

under various defaulting scenarios and risk-sharing assumptions among large CMs, testing each CCP’s risk

management effectiveness. The second approach utilizes a continuous-time model with a common factor

framework for both CM defaults and associated losses, enabling a broader analysis of systemic risk from

large bank defaults across multiple CCPs. These complementary approaches provide a comprehensive view

of both individual CCP resilience and systemic risk in the clearing ecosystem. The following sections will

introduce these two models in detail.

3.2 CCP and Central Clearing Concentration

In this paper, we study 9 major CCPs that collectively dominate the global derivatives clearing land-

scape.1 These include:

1. Two divisions of Chicago Mercantile Exchange (CME) Clearing: one for Futures & Options (FO) and

another for Interest Rate Swaps (IRS)

2. London Clearing House Limited (LCH SwapClear) for IRS

1We exclude the security CCPs in this study given that unlike derivative CCPs, security CCPs face more liquidity demand
when member defaults instead of credit loss.
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Member Defaults

1. Initial Margin of
Defaulting Member

2. Guarantee Fund Contribution
of Defaulting Member

3. CCP Capital
(skin-in-the-game)

4. Guarantee Fund Contribution
of Surviving Members

5. Assessments

6. VM Gains Haircutting

Prefunded Resources

End-of-Waterfall Mechanisms

Figure 1: Typical CCP default waterfall mechanism

Note: Each numbered box represents a sequential mechanism along the CCP default waterfall. Gray boxes indicate
mechanisms that incur losses to non-defaulting members.

3. Banque Centrale de Compensation SA (LCH SA)

4. Three CCPs under Intercontinental Exchange, Inc (ICE Clear): ICE Clear Credit (ICC), ICE Clear

Europe, and ICE Clear US

5. The Options Clearing Corporation (OCC)

6. Eurex Clearing AG (Eurex)
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Each of these CCPs has carved out a significant niche in specific market segments. As of the second

quarter of 2025, LCH SwapClear stands out as the undisputed leader in interest rate swap (IRS) clearing,

handling over 85% of the global IRS volume, according to data from Clarus CCPView (illustrated in Figure

2). In the realm of over-the-counter (OTC) credit default swaps (CDS), the ICC reigns supreme, commanding

more than 80% of the market share. The European CDS market is served primarily by LCH SA and ICE

Clear Europe.

CME Clearing has established itself as a powerhouse in futures and options clearing, while Eurex, a

subsidiary of Deutsche Börse, is a key player in European exchange-traded derivatives. ICE Clear US and

Europe have carved out strong positions in energy derivatives. The OCC stands out as the world’s largest

equity derivatives clearing organization and holds the unique position of being the sole CCP for equity

options in the US market.

The clearing industry isn’t just concentrated at the CCP level; there’s also significant concentration

among members within each CCP. The top-tier CMs are typically large international banks. Figure 3

provides a visual representation of this concentration, showing the percentage of clearing activity managed

by the top 5 and top 10 CMs for each CCP.

The data reveals striking levels of concentration across all CCPs studied. CME exhibits the highest

concentration, with its top 10 CMs responsible more than 80% of clearing activity, and the top 5 handling

about 60%. Even LCHSwapClear, which shows the lowest concentration among the studied CCPs, still sees

about 40% of its activity coming from just the top 10 CMs.

This notable concentration of clearing activity among a relatively small number of members highlights

the interconnectedness of these major financial institutions through their CCP relationships. Understanding

these complex interconnections and their implications for systemic risk is the primary focus of our research.

85.1%

CCP

Others

Eurex

ASX

Shanghai Clearing

JSCC

CME_IRS

LCHSwapClear

 Panel A: IRS Clearing

Source: Clarus CCPView

80.3%

CCP

ICE_US

JSCC

CME (OTC)

LCH CDSClear

ICE_EU

ICC

Panel B: CDS Clearing

Source: Clarus CCPView

Figure 2: Market share of major CCPs in derivative clearing
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Figure 3: Concentration of clearing activity among top clearing members for each CCP

3.3 Model Member Default Loss

We assume that the CCP sets the margin requirement to cover 99% of risk, with losses exceeding this

threshold following an Ordinary Pareto Distribution (OPD). This approach, aligned with studies by Arnsdorf

(2014) and Cont and Ghamami (2025), models the tail risk of clearing portfolios based on extreme value

theory, known as the “threshold exceedances” or “peak-over-threshold” method.

Assumption 1 (Pareto Tail for Excess Losses). For a CCP member i, let Ui represent the CCP’s exposure

conditional on the member’s default, and IMi be the Value at Risk (VaR) at a high confidence level q. We

assume that losses exceeding the IM follow a Pareto distribution:

P (Li > x|Li > IMi) =

(
IMi

x

)α

(1)

where α > 1 is the tail exponent (shape parameter).

This assumption applies only to extreme events (losses beyond IM) and aligns with risk models employed

by sophisticated CCPs. It is particularly accurate for heavy-tailed distributions, such as the Student’s

t-distribution. Accordingly, the loss Li (given it exceeds IMi) can be simulated as:

Li =
IMi

(1− u)1/α
, (2)

where u ∼ Unif(0, 1) is an independent uniform random variable.

The tail exponent α quantifies the heaviness of the distribution’s tail - lower values indicate heavier tails

and thus a higher probability of extreme losses. Empirical studies (Cont, 2001; Andersen and Dickinson,

2019) suggest that for equity portfolios, α typically ranges from 2 to 4, with similar values observed for IRS
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and CDS portfolios. For our analysis, we choose the α as 3 across all the CCPs.

Let Ei represent the CCP’s expected exposure to member i beyond its IM, then we can derive the Ei as

Ei =
α

α− 1
· IMi (3)

and let assume that DFi represent the CCP’s DF contribution from member i, then the share loss SLi to

surviving members from member i defaulting is given by

SLi = max
{
Li −

(
IMi +DFi

)
, 0

}
(4)

and the expected value for SLi can be expressed as

ESLi = max

{
α

α− 1
· IMi −

(
IMi +DFi

)
, 0

}
. (5)

Simulating SL and estimating the expected share loss ESL for each member i requires observing the

DFi and IMi. As CCPs only disclose aggregate IM and DF figures in their PQD reports, however, the next

subsection details how we derive these values for individual clearing members.

A notable limitation of relying on aggregated IM and DF data in PQD is the inability to fully observe

internal netting efficiencies within a member’s specific portfolio. Because we cannot account for the granular

offsetting of positions at the member level, our loss estimates may be viewed as conservative. This opacity

inherent in public disclosures underscores why we employ a range of estimation approaches to bracket the

plausible risk landscape in our empirical analysis.

3.4 CCP PQD and Risk Share

CCPs are mandated to publish quarterly PQDs, which provide comprehensive information on their

financial resources, including DF, skin-in-the-game capital, and margin requirements. These disclosures offer

valuable insights into credit and liquidity risks, detailing exposures to members and stress test outcomes.

Our study focuses on four key metrics from these PQDs: the CCP’s SITG, total IM, total DF, and the risk

concentration among the top 5 and top 10 CMs. The dataset in this study spans from 2015 Q3 to 2024 Q4,

sourced from Clarus CCPView.2

Table 1 presents summary statistics of IM across nine major CCPs. LCH SwapClear maintains the

largest IM pool ($178.9 billion mean), followed by CME’s FO clearing service ($141.3 billion). Figure 4

illustrates the significant growth in aggregate IM requirements following the COVID-19 pandemic, reflecting

both increased clearing volumes and heightened market volatility across multiple asset classes.

CCP PQD data also reports the IM for house positions only (the position for members’ own portfolios).

Table 2 show the statistics of the proportions of house IM relative to the total IM. LCH SA exhibits the

highest house IM proportion with a striking average of 90% (ranging from 68% to 100%), indicating its

2The data used in this study were obtained from Clarus CCPView, a commercial data service provided by Clarus Financial
Technology (https://www.clarusft.com/products/ccpview/).
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business is predominantly driven by clearing members’ own trading activities. In contrast, ICC FO EU

and CME FO demonstrate much lower house IM ratios at 14% and 16% respectively, suggesting their

clearing activity is heavily weighted toward client positions. The remaining CCPs show moderate house

IM proportions, with LCH SwapClear (40%), Eurex (37%), and ICC Credit (36%) maintaining similar

levels. Notably, OCC displays the highest variability with a standard deviation of 11 percentage points and

values ranging from 10% to 56%, reflecting potentially greater fluctuations in the composition of its clearing

business.

Table 3 summarizes DF requirements across these same CCPs, showing a different distribution pattern

compared to IM. OCC maintains the largest DF pool with a mean of $12.6 billion, considerably exceeding

LCH SwapClear’s $7.9 billion despite the latter’s dominance in IM requirements. Figure 5 tracks the evolution

of DF contributions from 2016 to 2024, highlighting a consistent upward trend across most CCPs with a

notable acceleration around 2020. This pattern suggests the increases of DF requirements in response to the

elevated market volatility during the COVID-19 pandemic.

Table 1: Summary Statistics of CCP Total IM

Statistic N Mean St. Dev. Min Median Max

LCHSwapClear 38 178,895.00 49,722.51 82,313 201,035.5 258,209
ICC 38 38,941.45 13,153.06 18,356 43,812.5 58,763
CME IRS 38 31,061.42 5,704.25 22,395 31,748 40,410
CME FO 38 141,297.20 46,396.82 84,643 154,723 220,747
OCC 38 76,527.79 28,598.46 35,871 73,447.5 124,907
ICE EU 38 67,137.76 36,322.55 31,896 56,250 160,729
ICE US 38 17,403.89 4,842.84 10,376 15,829 30,665
LCH SA 38 4,774.50 3,043.05 734 4,187 10,939
EUREX 38 65,520.82 24,469.68 37,806 59,938.5 124,637

Table 2: Summary Statistics of CCP House IM Proportions

Statistic N Mean St. Dev. Min Median Max

LCHSwapClear 38 0.40 0.06 0.33 0.37 0.55
ICCC 38 0.36 0.07 0.25 0.34 0.52
CME IRS 38 0.25 0.04 0.18 0.24 0.32
CME FO 38 0.16 0.02 0.12 0.15 0.20
OCC 38 0.26 0.11 0.10 0.23 0.56
ICE EU 38 0.14 0.04 0.08 0.15 0.25
ICE US 38 0.34 0.06 0.21 0.34 0.43
LCH SA 38 0.90 0.11 0.68 0.93 1.00
EUREX 38 0.37 0.03 0.32 0.36 0.45

While these disclosures provide aggregate-level data on IM and DF contributions, they do not offer

member-specific breakdowns. To address this limitation, we apply the framework developed by Andersen

and Dickinson (2019), which provides a mathematical foundation for estimating pro rata risk exposure

allocation among clearing members. This approach is based on two key assumptions: 1) IM, DF, and
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Table 3: Summary Statistics of CCP Total DF

Statistic N Mean St. Dev. Min Median Max

LCHSwapClear 38 7,949.82 1,184.05 5,057 8,001 9,853
ICC 38 3,133.08 927.26 1,592 3,137.5 5,116
CME IRS 38 3,179.97 708.79 1,916 3,025 4,437
CME FO 38 5,052.42 1,331.23 3,295 4,887.5 8,405
OCC 38 12,633.21 3,706.52 6,170 12,067 19,769
ICE EU 38 2,860.84 580.85 1,663 2,955 3,511
ICE US 38 720.08 166.74 457 736.5 919
LCH SA 38 1,920.34 1,100.07 378 1,845.5 4,475
EUREX 38 6,512.00 2,012.16 4,098 5,676.5 11,532
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expected loss over IM are homogeneous risk measures, and 2) the change in value of a member’s portfolio

follows a local elliptical distribution. Under these assumptions, the ratio of a member’s exposure to the total

exposure across all members is consistent across these three measures, allowing us to estimate individual

CM risk profiles from the aggregate data.

DFi(t)

DFtot(t)
=

IMi(t)

IMtot(t)
=

Ei(t)∑M
m=1 Em(t)

. (6)

where t is time step, m is the total number of CM for the CCP.

Arnsdorf (2012a) and Cont and Ghamami (2025) use this method to study the credit risk exposure for

CCP an CM and Chang, Du and Zikes (2026) apply the framework to study the interbank exposure from

centrally cleared derivative transactions. We adopt a similar approach to estimate the default loss from the

top 10 CMs for each CCPs. Specifically, we assign risk shares to these top CMs subject to two constraints:

first, the sum of the top 5 CM risk shares equals the reported percentage of IM from the top 5 CMs, and

second, the sum of the top 10 CM risk shares equals the reported percentage of IM from the top 10 CMs, as

disclosed in the PQD data.

The IM and DF for the i-th CM at time t are calculated as

IMi(t) = RSi(t) · IMtot(t) (7)

DFi(t) = RSi(t) ·DFtot(t) , (8)

where RSi(t) represents the risk share for CM i at time t, and DFtot(t) and IMtot(t) are the total DF and

total IM respectively.

In the next section, we study three different risk share distributions among the top 10 CMs, providing

insights into the relationship between CM portfolio concentration and overall CCP risk management.

3.5 Top 10 CMs and the Default Probability

CCPs’ PQD reports only aggregated market share data for the top 5 and top 10 CMs, without identifying

individual entities. To overcome this limitation, we utilize the CFTC’s Futures Commission Merchant (FCM)

financial reports, which provide detailed information on client clearing assets managed by each FCM cross

all the CCPs registered at the CFTC.3 This data allows us to identify the largest members based on their

respective shares of total client assets held for clearing purposes, providing a reliable proxy for clearing

member significance across CCPs.

Figure 6 shows the market share for the top 10 FCMs as of May 2025, revealing substantial concentration

in the client clearing market. Bank-affiliated FCMs dominate this landscape, collectively controlling 83%

of total client assets. The six largest US banks—JP Morgan, Goldman Sachs, Morgan Stanley, Bank of

America, Citigroup, and Wells Fargo—command approximately 65% of all client assets, while four major

international institutions—Barclays, Société Générale, UBS, and BNP Paribas—account for an additional

18%. This high concentration creates a market structure where a select group of financial institutions

3CFTC publishes comprehensive FCM financial data on their website: https://www.cftc.gov/MarketReports/financialfcmdata/index.htm
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serves as critical intermediaries for derivatives clearing, raising significant systemic risk concerns. Disruption

affecting any of these dominant FCMs could substantially impact market liquidity and stability throughout

the clearing ecosystem. For our analysis, we assume these ten bank-affiliated FCMs represent the top clearing

members across all CCPs.

To model individual clearing member default probabilities, we employ publicly available CDS spreads.4

These spreads function as an established proxy for creditworthiness and enable us to model each CM’s default

probability as a dynamic process conditioned on the macroeconomic environment. Our dataset comprises

daily CDS spreads from 2005 to 2024 for these ten major banking institutions, representing a hypothetical

group of top clearing members across CCPs.5

Figure 7 presents the historical CDS trajectories for the five largest US banks. The data reveals pro-

nounced volatility during market stress periods, most dramatically during the 2008-2010 global financial

crisis when Citigroup’s spread exceeded 600 basis points. A secondary spike emerged during the 2011-2012

European sovereign debt crisis, followed by a more moderate increase during the 2020 COVID-19 pan-

demic. Throughout these periods, we observe significant correlation among these institutions’ risk profiles,

though with meaningful variations in magnitude. Our study specifically examines two stress periods—the

2008 global financial crisis and the 2020 COVID-19 pandemic—to evaluate clearing system resilience under

stressed conditions.
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Figure 6: Market Share by top 10 FCM

4 Scenario Analysis for Individual CCP

We introduce a base model utilizing Monte Carlo simulations to analyze credit risk scenarios for each

individual CCPs. Our study examines credit risk from both the CCP’s perspective and that of Clearing

4As a common practice in the industry, default intensities are extracted based on the assumption of a piecewise constant
hazard rate on a daily basis with a 40% recovery rate.

5Precisely, the CDS-based default intensities incorporate a default risk premium, as they are extracted under the risk-neutral
probability measure. Despite this theoretical inconsistency, we treat these risk-neutral default intensities as physical default
intensities from a conservative perspective in our simulation study. Our data source for CDS spreads is Bloomberg.
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Members, addressing risk concentration effects and default correlation impact. We focus on how risk con-

centration influences credit exposure for CCPs and their clearing members, and how correlations between

member defaults affect the overall credit risk landscape. We specifically evaluate whether CCPs maintain

sufficient prefunded resources to cover member defaults under varying concentration and correlation assump-

tions, while quantifying expected losses for surviving clearing members in different scenarios. This analysis

is conducted quarterly from September 2015 through December 2024, covering both pre and post pandemic

periods.

4.1 Base Model Components

4.1.1 Simulation Algorithm

We model potential defaults and losses in a CCP over a one-year period, broken down into monthly

steps. For each simulation run, the algorithm iterates through each month, generating correlated CDS

spreads, calculating default probabilities for top 10 CM, simulating member defaults, generating losses for

defaulted members, comparing total losses to the available prefunded resource, and updating the member list

and risk weights. This process is repeated for multiple simulations to capture a range of possible outcomes.

At the end of each annual simulation, the algorithm records the total loss to CCP and surviving CM, and

the number of defaults. The algorithm is as following:

Algorithm 1 CCP Default Simulation

1: for each simulation do
2: for each month in one year do
3: Generate correlated CDS spreads
4: Calculate default probabilities
5: Simulate defaults for top 10 CMs
6: Simulate total IM for CCP
7: Generate losses for defaulted members
8: Calculate total loss and compare to total prefunded resource
9: Update member list and risk weights for next month

10: end for
11: Record annual loss for CCP and CM, and the number of defaults
12: end for

For each simulation path, our model produces the following key outputs:

1. Default Frequency: Total number of CCP defaults occurring within the one-year window

2. Defaulting Member Losses: Aggregate losses from defaulting clearing members over the one-year

window, calculated as losses exceeding their IM and DF contributions

3. CCP Expected Loss: Total losses relative to CCP’s prefunded resources (including CCP’s own

capital, defaulting members’ IM, and the complete DF)

4. Surviving Member Shared Loss: Total defaulting member losses allocated to surviving clearing
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members, based on the risk share.6

5. Prefunded Resource Breach Indicator: Binary variable (0/1) indicating whether total losses

exceed CCP’s prefunded resources:

6. Assessment Power Breach Indicator: Binary variable indicating whether total losses exceed three

times the prefunded resources. We assume the CCP has assessment power of twice the default fund

contribution. When this threshold is breached, the CCP faces potential default, though additional risk

mitigation measures and book-matching strategies may still prevent actual default. We also calculate

individual loss exposure for each surviving member in this scenario.

Following subsections provide details about how to model CM default and the loss from default.

4.1.2 Model CM Default

We model clearing member defaults using CDS spreads and a t-copula in the simulation, the process

begins with generating correlated CDS spreads for all clearing members using a t-copula. The t-copula is

chosen for its ability to capture tail dependencies, which are crucial in stress scenarios. Historical CDS spread

data is used to estimate the correlation matrix and degrees of freedom for the t-copula. In each simulation

step, the correlated CDS spreads are generated, and these are then translated into default probabilities

using a credit curve or a simplified mapping function. The default probabilities are compared against

uniform random numbers to determine if a default occurs for each member in that time step. This approach

allows for the modeling of correlated defaults among clearing members, reflecting the interconnected nature

of financial markets. The t-copula’s fat tails ensure that the simulation captures the increased likelihood

of multiple simultaneous defaults during stress periods, providing a more realistic representation of extreme

market conditions that could potentially lead to a CCP default.

we simulate member default based on their 5y CDS.7 We assume that large clearing member’s CDS

following a log normal distribution, and we calibrate the distribution to two different sample periods: 1)

2008 GFC CDS data from 2007 to 2009 2) COVID-19 period covering data from 2020 to 2022.

Default probabilities for each clearing member are derived from their CDS spreads:

P (default) = 1− e−λT (9)

where λ = CDS spread
1−recovery rate and T is the time to maturity.

A t-copula is used to model correlated defaults among clearing members:

C(u1, . . . , un) = tΣ,ν(t
−1
ν (u1), . . . , t

−1
ν (un)) (10)

6When a clearing member i defaults, its risk weight RWi is redistributed among surviving clearing members according to
the prevailing risk distribution.

7Default rate from CDS spared is risk neutral probability, which include a risk premium that compensates investors for
taking on risk. This risk premium is why risk-neutral probabilities are higher than ”real-world” probabilities, in that sense, our
model is more conservative to measure clearing member default
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where tΣ,ν is the multivariate t-distribution with correlation matrix Σ and degrees of freedom ν.

4.1.3 Modeling Default Losses

Following the method specified in the methodology section, we model defaulting clearing members’ losses

based on their allocated Initial Margin (IM). We assume that the total IM for a Central Counterparty

(CCP) follows a log-normal distribution. The standard deviation (σ) of this distribution is calibrated using

CCP-published total IM data spanning from September 2015 to December 2024.

For a given quarter t, we set the mean of the distribution to the current IM at time t. We then allocate

the simulated total IM to each Clearing Member (CM) i based on a hypothetical risk share RWi. Similarly,

we simulate the total Default Fund (DF) based on the ratio of IMt and DFt, and allocate this DF to clearing

members using the same risk weights RWi.

The default loss simulation process follows these steps:

1. Simulate Total Initial Margin: At quarter t, for each month m (m = 1, 2, 3, ..., 12) in a one-year

window, simulate the total IM (SIMkm) for CCP k based on a log-normal distribution with mean

IMkt and standard deviation σk

2. Simulate Default Fund: Calculate the simulated total DF (SDFkm) for CCP k using:

SDFkm = SIMkm ×
(
DFkt

IMkt

)
(11)

3. Allocate Resources: Distribute the SIMkm and SDFkm to each clearing member i according to

their risk weight RWi

4. Estimate Individual Default Losses: For each defaulting clearing member i, estimate the default

loss using the loss estimation equation 2

5. Aggregate Default Losses: Sum all defaulting clearing members’ losses to determine the total

default loss exposure

CCPs do not publish risk information at the individual clearing member level; they only disclose the

aggregate risk share of their top 5 and top 10 clearing members. As illustrated in Figure 3, the top 10

clearing members dominate the client clearing business for major CCPs. Our study focuses on these top 10

CMs, for which we design three different risk weight schemes to allocate CCP risk and examine credit risk

under these varying assumptions.

Murphy and Nahai-Williamson (2014) explore how the distribution of risk among clearing members affects

the prudence of the cover 2 standard. They consider three risk distributions among clearing members:

a. Exponential distribution: Risk is concentrated in a small subset of clearing members, as is often

observed in practice;
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b. Uniform distribution: All members contribute the same amount of risk; and

c. Whale distribution: A single large clearing member accounts for a significant proportion of the

CCP’s clearing business.

Our study follows this approach to analyze these three risk distributions and their implications for CCP

resilience and systemic risk. Table 4 presents the risk distribution for top 10 clearing members and the final

risk weight will be scaled by the CCP disclosed the sum of top 10 CM risk weight.

Table 4: Risk Distribution Across Top 10 Clearing Members

CM Exponential Uniform Whale

1 18% 10% 40%
2 15% 10% 24%
3 13% 10% 15%
4 11% 10% 9%
5 10% 10% 5%
6 8% 10% 3%
7 7% 10% 2%
8 6% 10% 1%
9 5% 10% 1%
10 5% 10% 0%

Total 100% 100% 100%

4.2 Empirical Results

Using the simulation methodology specified in the previous section, we conducted 10,000 simulation runs

for each of the nine CCPs independently to examine both CCP resilience and potential losses to surviving

CMs under varying default scenarios, risk distributions, and correlation assumptions. We analyze two distinct

loss estimation approaches: losses estimated from CCP total IM and losses estimated from house IM only.

The first approach assumes that clients experience similar losses to CMs and their positions cannot be ported

to surviving CMs, representing an extreme scenario. The second approach, which assumes default losses stem

only from house positions while client positions are successfully ported to surviving members, aligns more

closely with established CCP default risk management practices. We define the loss from the first approach

as upper bound loss and second as lower bound loss. There could be scenarios that member’s portfolio and

clients’ position offset each other and the loss from member default is much smaller than the lower bound.

In reality, the loss from member defaulting will depend on the relationship between client and house position

and how CCP manages both portfolios. While the house IM approach might be a more realistic scenario,

the total IM approach provides valuable insights into potential systemic impacts during extreme market

conditions where porting mechanisms might fail and client positions experiencing stressed losses.

Our CCP resilience assessment focuses on three key dimensions: (1) quantifying expected losses exceeding

prefunded resources for each CCP; (2) testing the regulatory Cover-2 standard, which requires CCPs to
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maintain sufficient resources to cover potential losses from their two largest members’ defaults;8 and (3)

calculating the probability of losses exceeding three times the CCP’s assessment power—a scenario that, while

not necessarily triggering default, could initiate resolution proceedings. For surviving clearing members, we

investigate whether clearing members’ capital requirements for default fund contributions can adequately

cover these expected loss from other members’ defaulting.

Default Scenarios

First, we use CME F&O CCP as an example to study the impact of different defaulting assumptions.

We run the simulations using four distinct default scenarios, characterized by CDS spread reference periods

(2008 Global Financial Crisis vs. 2020 COVID-19 pandemic) and default correlation environments (high vs.

low). Table 5 displays the distribution of defaults across these scenarios. 9 As anticipated, high correlation

environments exhibit a significantly greater probability of experiencing no defaults (89.8% during the GFC

and 93.6% during COVID-19) compared to low correlation environments (80.0% during the GFC and 86.7%

during COVID-19); however, when defaults do occur in high correlation scenarios, they tend to cluster in

the extreme ”Over 2” category, particularly during the GFC period (4.4%). In contrast, low correlation

environments have notably higher probabilities of experiencing one default (12.6% during GFC and 9.0%

during COVID-19). Overall, scenarios using COVID-19 period data show lower default probabilities than

GFC scenarios across both correlation environments, reflecting the substantially lower CDS spreads observed

during the pandemic period, as illustrated in Figure 7.

Figure 8 illustrates the quarterly results of expected mean loss and 99% Value-at-Risk (VaR) for CCPs and

individual clearing members across four default scenarios from 2016 to 2024. For each quarter, the mean and

VaR are based on 10,000 simulations. High correlation scenarios consistently generate more severe losses for

CCPs due to increased likelihood of multiple defaults, with mean losses nearly tripling those in low correlation

environments during peak stress periods. For clearing members, low correlation scenarios produce slightly

higher expected average losses, while 99% VaR remains significantly higher in high correlation scenarios.

This discrepancy arises because CCP losses are calculated as those exceeding prefunded resources, whereas

clearing member losses represent shared losses from other members’ defaults. Simulations based on 2008

Global Financial Crisis CDS spreads consistently yield higher loss estimates than COVID-19 scenarios for

both CCPs and clearing members. Notably, post-2020 losses are substantially higher across all scenarios,

highlighting a regime change in central clearing following the pandemic.

Table 5: Probability Distribution of Defaults Under Different Scenarios

Member Default Number of Defaults
Scenarios 0 1 2 Over 2

High Correlation GFC 89.80% 4.00% 1.80% 4.40%
Low Correlation GFC 80.00% 12.60% 4.00% 3.40%
High Correlation COVID 93.60% 2.80% 1.10% 2.50%
Low Correlation COVID 86.70% 9.00% 2.50% 1.80%

Risk Distribution

8We examine the Cover-2 standard in a one-year window rather than the point-in-time exposure used in regulatory frame-
works

9Default loss here is estimated from CCP’s total IM.

20



500

1000

1500

2000

2500

2016 2018 2020 2022 2024

Lo
ss

(0
00

)

Mean Loss for CCP

20000

40000

60000

2016 2018 2020 2022 2024

Lo
ss

(0
00

)

99% VaR Loss for CCP

100

200

300

2016 2018 2020 2022 2024

Lo
ss

(0
00

)

Mean Loss for CM

1000

2000

3000

4000

5000

6000

2016 2018 2020 2022 2024

Lo
ss

(0
00

)

99% VaR Loss for CM

GFC_HC GFC_LC COVID_HC COVID_LC

Figure 8: Mean and 99% VaR of CCP and CM Loss on Different Default Scenarios
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Second, we analyze default losses for CCPs and surviving clearing members across varying concentration

scenarios. Utilizing CME F&O PQD data, we conduct simulations with three distinct risk distributions

(Exponential, Equal, and Whale) as outlined in Table 4, ensuring the top 10 CM risk weights align with

CCP-published initial margin contributions. Figure 9 displays both mean loss and 99% VaR from 2016 to

2024, with the upper panels representing CCP-level losses and lower panels showing losses for a randomly

selected surviving CM. Our findings reveal that the Whale distribution—characterized by highly concen-

trated clearing membership—consistently generates significantly higher projected losses across all periods.

A notable inflection point occurs during the 2020 COVID-19 pandemic, where losses more than doubled

across all methodologies before stabilizing at elevated levels and gradually increasing through 2024. We

observe that Exponential and Equal distributions track relatively closely, suggesting limited sensitivity to

modest variations in risk distribution compared to the pronounced effects of high concentration in the Whale

scenario. Figure 10 presents parallel analyses using the loss estimated by house initial margin only, which,

while generating smaller absolute losses, demonstrates identical patterns with the same 2020 pandemic-

related spike and continued elevation thereafter. Throughout our analysis period, the Whale distribution

consistently exhibits elevated risk metrics, emphasizing the concentration risk.
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Figure 9: Mean Loss and 99% VaR for Different Risk Distribution: Upper Bound

CCP Loss

CCPs employ a multi-layered ”default waterfall” system to manage potential losses from member defaults,
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with the CCP’s own contribution, known as ”skin in the game” (SITG), playing a crucial role. We simulated

nine CCPs’ ability to cover expected mean losses over a one-year window under four scenarios: 2008 Global

Financial Crisis (GFC) and COVID-19 CDS spreads, each with equal and concentrated (”whale”) risk

distributions. High correlation in member defaults was assumed across all scenarios to reflect higher tail

risk. We analyzed both upper bound losses (estimated from total Initial Margin) and lower bound losses

(estimated from house Initial Margin).

Examining losses based on total Initial Margin, Table 6 presents the average ratio of expected loss to

SITG across nine major CCPs pre- and post-COVID under four scenarios. Generally, expected losses exceed

SITG in both periods, with ratios mostly above 1. This outcome is anticipated, given that the estimated

loss is based on an extreme stress scenario, which diverges from typical CCP risk management practices.

Nevertheless, the results indicate a substantial increase in credit risk, with post-COVID ratios nearly doubling

for some CCPs. For instance, CME FO’s post-COVID ratios reached 16.67 under equal risk distribution

and even higher under ”whale” scenarios. Risk concentration scenarios consistently generated the highest

loss ratios, underscoring how concentrated clearing member risk can amplify potential losses. While OCC

demonstrated stability, most CCPs experienced 50% or greater increases in loss ratios, suggesting a significant

shift in central clearing risks post-pandemic.

Comparing upper and lower bound losses for the worst-case scenario (2008 GFC CDS spread with whale

risk distribution), Tables 7 and 8 present CCP SITG, expected mean losses, and probabilities of covering two-

member defaults and exceeding assessment power. Post-pandemic, SITG values increased for most CCPs,

with OCC rising dramatically from $55 to $188 and ICEU from $127mm to $194mm. Upper bound mean

losses escalated significantly, with CME FO increasing from $1,023mm to $2,174mm and ICEU more than

tripling. Lower bound losses also increased but remained relatively small compared to upper bounds and

generally below SITG. Cover2 percentages remained stable and at 100% for lower bound losses, indicating

strong CCP risk management for both periods. The probability of losses exceeding assessment power in-

creased slightly for most CCPs post-COVID, with LCH’s probability rising fivefold from 0.2% to 1%, and

ICC and CMEIRS doubling from 1% to 2% for upper bound losses, while remaining at 0% for lower bound

losses. These results demonstrate that while credit risk increased post-COVID-19, CCPs maintain robust

resources to cover tail risks.

Member Loss

Large clearing members, typically global systemically important banks (G-SIBs) and other major financial

institutions, are required to capitalize their default fund contributions to CCPs in accordance with the Basel

III framework and its national implementations. BCBS (2023)The Basel Committee requires large banks to

capitalize their default fund contributions based on the following:

KCMi
= max

{
KCCP · DF pref

i

DF pref
CM +DFCCP

, 8% ·DF pref
i

}
(12)

Where:

• KCMi
is the capital requirement on the default fund contribution of member i;
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Table 6: Comparison of Pre-COVID and Post-COVID CCP Loss to SITG Ratio

Pre-COVID Period Post-COVID Period

CCP SC1 SC2 SC3 SC4 SC1 SC2 SC3 SC4

LCHSwapClear 2.932 2.000 4.434 3.035 4.515 3.076 6.790 4.737
ICC 2.431 1.605 3.641 2.552 4.238 2.781 6.318 4.426
CME IRS 0.712 0.483 1.076 0.747 1.290 0.885 1.905 1.322
CME FO 7.468 4.906 10.238 5.676 16.671 10.963 21.741 12.186
OCC 1.018 0.753 1.581 1.067 1.011 0.713 1.539 1.041
ICE EU 1.068 0.729 1.576 1.105 2.664 1.841 3.659 2.511
ICE US 1.577 1.104 2.229 1.523 2.173 1.507 2.990 2.037
LCH SA 0.020 0.011 0.040 0.030 0.100 0.060 0.130 0.091
EUREX 0.554 0.382 0.834 0.561 0.689 0.481 1.046 0.716

Period: Pre-COVID: Jan 2016-Dec 2019; Post-COVID: Jan 2020-Dec 2024.
Ratio: Values represent the average ratio of expected mean loss over CCP’s capital over the sample period.
Scenarios:
• SC1: Equal risk distribution and 2008 GFC CDS spread

• SC2: Equal risk distribution and COVID-19 CDS spread

• SC3: Whale risk distribution and 2008 GFC CDS spread

• SC4: Whale risk distribution and COVID-19 CDS spread

Table 7: CCP Loss Pre-COVID Period

CCP SITG(mm)
Mean Loss(mm) Cover2 Prob (%) OA Prob(%)*

UB LB UB LB UB LB

LCHSwapClear 57 252.71 19.58 99% 100% 0.2% 0%
ICC 41.67 151.72 19.44 98% 100% 1% 0%
CME IRS 150 161.47 2.10 99% 100% 1% 0%
CME FO 100 1, 023.83 24.65 97% 100% 4% 0%
OCC 55 86.96 0.25 100% 100% 0% 0%
ICE EU 127.78 201.32 0.39 98% 100% 2% 0%
ICE US 55.83 124.45 25.79 97% 100% 4% 0%
LCH SA 22.61 1.01 0.11 100% 100% 0% 0%
EUREX 154.78 129.03 1.87 99% 100% 0.1% 0%

Note: UB and LB represent upper bound approach and lower bound approach respectively.

* OA Prob stands for over-assessment probability, we assume CCP assessment power is 2 times total DF.
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Table 8: CCP Loss Post-COVID Period

CCP SITG(mm)
Mean Loss(mm) Cover2 Prob(%) OA Prob(%)*

UB LB UB LB UB LB

LCHSwapClear 69.75 473.57 33.10 98% 100% 1% 0%
ICC 50 315.88 19.27 98% 100% 2% 0%
CME IRS 150 285.82 8.02 98% 100% 2% 0%
CME FO 100 2, 174.14 126.81 97% 100% 5% 0%
OCC 188 289.38 3.94 99% 100% 0.1% 0%
ICE EU 194.80 712.81 3.51 97% 100% 4% 0%
ICE US 72.40 216.48 47.70 97% 100% 4% 0%
LCH SA 22.05 3.10 0.87 99% 100% 0% 0%
EUREX 196.40 205.34 10.09 99% 100% 0.4% 0%

Note: UB and LB represent upper bound approach and lower bound approach respectively.

* OA Prob stands for over-assessment probability, we assume CCP assessment power is 2 times total DF.

• DF pref
CM is the total prefunded default fund contributions from clearing members;

• DFCCP is the CCP’s prefunded own resources (e.g., contributed capital, retained earnings, etc.), which

are contributed to the default waterfall; and

• DF pref
i is the prefunded default fund contributions provided by clearing member i.

Based on equation 12, we define a K-factor for a CCP as:

K − factorCCP =
KCCP

DF pref
CM +DFCCP

(13)

The K-factor measures the ratio of capital requirement to the default fund contribution for each clearing

member. We estimate this K-factor using CCP Public Quantitative Disclosure (PQD) data. Through our

simulation, we calculate the ratio of expected shared loss to default fund contribution for the top 10 members

(Loss-to-DF ratio). Figure 11 compares this ratio, based on the upper bound approach, against the K-factor

from 2016 to 2024 for LCH SwapClear (with similar results observed for other CCPs). Generally, the K-

factor is smaller than the loss-to-DF ratio for most members, suggesting that the capital requirement for

the default fund may be insufficient to address losses from extreme market scenarios. Similarly, Figure 11

presents the same comparison using lower bound loss estimates based solely on house Initial Margin. In

this case, the K-factor exceeds the loss-to-DF ratios for all members, indicating that the capital requirement

is adequate to cover potential losses. In practice, whether members’ capital is sufficient to address shared

losses depends on the defaulting members’ portfolio characteristics and the CCP’s risk mitigation strategies.

5 Systemic Study

This section presents a continuous-time simulation framework designed to assess the systemic risk dy-

namics of CCPs. While the discrete-time analysis in the previous section provided insights into static stress
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scenarios, capturing the evolving nature of systemic risk requires a dynamic approach. We define a probabil-

ity space (Ω,F , P ), where the filtration Ft represents the flow of market information. Within this framework,

we model the default occurrences of CMs as doubly stochastic Poisson processes (i.e., Cox processes), where

the conditional default intensity is driven by a stochastic macroeconomic factor. This approach allows us

to evaluate the joint probability of multiple member defaults and the sufficiency of CCP resources under

dynamically evolving market stress.

5.1 Factor Driving Model

5.1.1 Macroeconomic Factor Dynamics

To capture the stochastic nature of market stress, we employ the Affine Jump-Diffusion (AJD) process

for the macroeconomic factor Yt, proxied in this study by the VIX index. The dynamics of Yt are governed

by a stochastic differential equation that incorporates mean reversion, volatility scaling, and sudden market

shocks. Specifically, the process is defined as:

dYt = κY (θY − Yt)dt+ σY

√
YtdWt + dJt (14)

where κY represents the mean-reversion speed to the long-term mean θY , and σY denotes the volatility

parameter. The jump component Jt is driven by a Poisson process, allowing the model to capture abrupt

spikes in volatility characteristic of financial crises. This macro-factor serves as the primary driver for both

the default intensities of clearing members and the recalibration of CCP resources.

The parameters of this model are calibrated using Maximum Likelihood Estimation (MLE) based on

historical data. The estimated parameters for the VIX time series are shown in Table 9, along with their t-

statistics, providing statistical evidence of the model’s fit. Figure 13 show the historical time-series behaviors

of the VIX and MOVE indices.

Table 9: MLE Parameters for VIX (AJD Model)

κY θY σY µY νY
MLE 7.05159 0.17073 0.44574 0.08749 1.94407

(t-statistics) (13.43471) (37.95009) (118.50845) (7.90140) (7.24521)

5.1.2 A Hybrid Intensity-Copula Model

Modeling correlated defaults among clearing members presents a dual challenge: it must capture the

time-varying systemic risk driven by macroeconomic conditions while simultaneously accounting for residual

tail dependencies, such as sector-specific contagion, that remain after controlling for market-wide stress. To

address this, we propose a Hybrid Intensity-Copula Model. We decompose the conditional default intensity,

λi,t, of each clearing member i into a deterministic systemic component and a stochastic inter-dependence

component. The relationship is specified in a log-linear form given by

log(λi,t) = fi(Yt) + gi(ϵi,t) . (15)

29



20

40

60

80

2010 2015 2020

V
IX

Figure 13: Historical Time-Series Behaviors of the VIX Index

The Systemic Component The function fi(Yt) represents the systemic component, which captures the

dynamic sensitivity of a firm’s creditworthiness to the common macroeconomic factor Yt (proxied by the

VIX). We specify this component as a linear function of the log-transformed macro factor expressed as

fi(Yt) = αi + βi log(Yt) . (16)

Here, αi represents the baseline default intensity for member i, and βi denotes the systemic sensitivity.

A positive βi implies that the default intensity increases as market volatility rises, effectively capturing

“wrong-way risk”—the tendency for counterparty credit quality to deteriorate exactly when market exposure

is highest. By estimating βi for each member, we isolate the portion of default risk purely attributable to

observable market stress.

The Inter-dependence Component The function gi(ϵi,t) captures the idiosyncratic and residual risks

not explained by the macro factor. We model this as a scaled residual term given by

gi(ϵi,t) = σiϵi,t , (17)

where σi is the idiosyncratic volatility parameter and ϵi,t is a standardized residual shock. Crucially, to

account for the “fat tails” observed in historical CDS spreads, we assume that the marginal residuals follow a
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standardized Student’s t-distribution with νi degrees of freedom, denoted as ϵi,t ∼ tνi
(0, 1). This specification

allows for individual firm-specific extreme events that Gaussian models would underestimate.

Joint Dependence Structure While the systemic component fi(Yt) induces dynamic correlation through

the common factor Yt, it does not capture the clustering of defaults caused by unobserved commonalities. To

model this residual dependence, we link the vector of error terms ϵt = (ϵ1,t, . . . , ϵN,t) using a static Student’s

t-Copula. The joint distribution is defined as

C(ut; Σ, νcopula) = tΣ,νcopula

(
t−1
νcopula

(u1,t), . . . , t
−1
νcopula

(uN,t)
)

, (18)

where ui,t = Tνi
(ϵi,t) is the probability integral transform (PIT) of the residual using its marginal cu-

mulative distribution function. The parameter Σ is the static correlation matrix capturing the pairwise

inter-dependence structure, and νcopula represents the degrees of freedom for the copula, governing the in-

tensity of joint tail dependence. This hybrid structure ensures that our model captures correlated defaults

arising from both macro-shocks (via βi) and residual interconnectedness (via the Copula).

5.1.3 Estimation Strategy: Inference Functions for Margins (IFM)

Calibrating the Hybrid Model for N major clearing members involves a high-dimensional parameter

space, presenting a significant “curse of dimensionality.” For instance, modeling N = 10 members requires

estimating 40 marginal parameters (αi, βi, σi, νi for each firm) and 46 dependence parameters (Σ matrix

and νcopula), totaling 86 parameters. Simultaneously optimizing the full joint log-likelihood (Full Maximum

Likelihood, FML) for such a space is computationally intractable and prone to instability and convergence

failures. While Pairwise Composite Likelihood (PCL) offers a scalable alternative, it suffers from efficiency

loss by ignoring higher-order dependencies.

To balance statistical stability with computational feasibility, we adopt the Inference Functions for Mar-

gins (IFM) method proposed by Joe (2005). This approach exploits the separability of parameters by

breaking the optimization into two sequential, closed-form stages as follows:

Stage 1: Marginal Estimation (Systemic Component) We first estimate the marginal parameters

θi = (αi, βi, σi, νi) for each clearing member i independently. This step effectively “filters out” the dynamic

macro-sensitivity. The estimator maximizes the univariate likelihood for the observed default intensities:

θ̂i = argmax
θi

T∑
t=1

log tνi

(
log λi,t − (αi + βi log Yt)

σi

)
− log σi , (19)

where tνi
denotes the PDF of the Student’s t-distribution.

Stage 2: Dependence Estimation (Copula Component) Using the estimated marginal parameters

θ̂i, we transform the standardized residuals into uniform variates ûi,t via the Probability Integral Transform

(PIT): ûi,t = Tν̂i
(ẑi,t). We then estimate the dependence parameters ϕ = (Σ, νcopula) by maximizing the
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joint copula likelihood, treating the margins as fixed, which is expressed as

ϕ̂IFM = argmax
ϕ

T∑
t=1

log cΣ,νcopula
(û1,t, . . . , ûN,t) . (20)

This reduces the intractable high-dimensional problem into N simple univariate regressions followed by a

stable copula optimization. As established by Patton (2006) and Godambe (1960), the IFM estimator is

consistent and asymptotically normal, ensuring methodological rigor.

Table 10: Hybrid CCP Risk Model Estimation Results

Bank αi βi σi νi

Bank 1
-3.5309
(0.1568)

0.1300
(0.1037)

0.3052
(0.0238)

3.7174
(0.8919)

Bank 2
-4.2655
(0.2229)

-0.0449
(0.1485)

0.4420
(0.0404)

4.7916
(1.7772)

Bank 3
-4.5094
(0.2275)

-0.2224
(0.1511)

0.4880
(0.0225)

124.9019
(19.9587)

Bank 4
-4.1653
(0.1640)

0.0559
(0.1096)

0.3390
(0.0242)

14.8935
(12.1800)

Bank 5
-4.5097
(0.2092)

-0.1434
(0.1390)

0.4489
(0.0205)

197.4040
(0.0032)

Bank 6
-4.7047
(0.2208)

-0.3967
(0.1486)

0.4106
(0.0368)

12.3213
(11.4952)

Bank 7
-4.3131
(0.1449)

0.0566
(0.0953)

0.2929
(0.0332)

8.3644
(7.0001)

Bank 8
-3.8410
(0.1689)

-0.0023
(0.1161)

0.3223
(0.0283)

23.2792
(40.1476)

Bank 9
-3.8566
(0.2468)

0.2635
(0.1640)

0.5276
(0.0251)

81.5678
(75.1425)

Bank 10
-4.8628
(0.0754)

-0.2281
(0.0515)

0.1358
(0.0122)

2.0487
(0.3400)

System Copula DoF
(νcopula)

10.534
(1.146)

(Note): This table reports the maximum likelihood estimates for the marginal risk parameters of ten individual banks. The
model is fitted to the data over the sample period from 2015 Q3 through 2024 Q4. The reported parameters include the
intercept (αi), sensitivity to the macro-factor (βi), residual volatility (σi), and the degrees of freedom (νi) governing the tail
thickness of the marginal distributions. The final row displays the estimated degrees of freedom for the system-wide t-Copula
(νcopula), which captures the tail dependence across all banks. Asymptotic standard errors are reported in parentheses below
each point estimate.

Table 10 presents the parameter estimates for the Hybrid Intensity Copula Model obtained using the

IFM method. The marginal parameters for each clearing member i (including the baseline intensity αi,

macro sensitivity βi, and idiosyncratic volatility σi) reveal significant heterogeneity across firms. Notably, the

degrees of freedom parameter νi varies widely. For instance, Bank 10 exhibits a low estimate of approximately

2.05, indicating heavy tailed residual risks and a higher propensity for outlier events. In contrast, Bank 5

shows a much higher value (νi ≈ 197.4), suggesting that its idiosyncratic shocks align more closely with a

Gaussian distribution. The final row reports the system wide dependence parameter, νcopula, estimated at

10.534, which governs the intensity of joint tail dependence across all members. Asymptotic standard errors
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are reported in parentheses below each point estimate.

5.1.4 Dynamic Modeling of CCP Resources

A critical limitation of traditional stress testing is the assumption of static CCP resources. In practice,

IM requirements are procyclical, and the DF is periodically recalibrated based on recent market conditions.

We model the aggregate IM, Mt, using a log-difference model with mean reversion given by

∆ log(Mt) = µIM + βIM∆ log(Yt) + κIM (θIM − log(Mt−1)) + σIMηt . (21)

This specification captures the procyclical response where margins increase following volatility shocks (βIM >

0), while ensuring the levels eventually revert to a long-run target.

Furthermore, the Default Fund size Dt is modeled as structurally linked to the IM levels but with an

operational lag. Reflecting the “Cover-2” regulatory standard and the time required for recalibration, we

specify Dt as a function of the lagged IM levels. This dynamic resource modeling allows us to evaluate

whether the CCP’s “richer” resource pool during stress periods is sufficient to offset the heightened liquidity

burden and default risks faced by its members.

To parameterize this dynamic resource model, we estimate the coefficients using historical Public Quan-

titative Disclosure (PQD) data. Table 11 reports the calibrated parameters for the Initial Margin dynamics

specified in Equation (21). Panel A presents the results using Total IM, which serves as a proxy for the

upper bound of liquidity stress (assuming client portability fails), while Panel B presents results using House

IM, representing the lower bound (assuming successful porting of client positions).

The estimation results reveal significant heterogeneity in margin dynamics across CCPs. Notably, the

sensitivity parameter βIM is generally positive, statistically confirming the procyclical nature of margin

requirements where liquidity demands rise in tandem with market volatility (proxied by the VIX). The mean

reversion speed κIM and volatility σIM also vary substantially, reflecting the distinct margin methodologies

and asset class characteristics managed by each CCP.

5.1.5 Simulation Algorithm

We implement a Monte Carlo simulation to generate systemic risk scenarios. For each path, we simulate

the macro factor Yt and update the CCP resources Mt and Dt accordingly. We employ a Monte Carlo

simulation approach to evaluate the CCP’s potential loss exposure. The simulation is conducted over a

defined risk horizon (T > 0), which is discretized into smaller time steps (∆t > 0), such as months. For

each simulation trial, we generate a random path for the macroeconomic factor and, subsequently, the CDS-

implied default intensities for each clearing member. This process allows us to generate a wide range of

plausible stress scenarios.

A key aspect of this simulation is the generation of a default event for each CM, which is formally

described by the time-change theorem of Meyer (1974). The compensator Λi,t is defined as the time-t

integral of the intensity process over time given by Λi,t =
∫ t

0
λi,u du. The theorem states that a stopping
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Table 11: Calibrated Parameters for Dynamic Initial Margin Model

Panel A: Total Initial Margin (Upper Bound)

CCP µIM βIM κIM σIM θIM

LCHSwapClear
0.0284
(0.0097)

0.0384
(0.0265)

0.0759
(0.0314)

0.0587
(0.0071)

12.0505
(0.0509)

ICC
0.0275
(0.0085)

0.1570
(0.0232)

0.0470
(0.0225)

0.0515
(0.0062)

10.5050
(0.0616)

CME IRS
0.0080
(0.0152)

0.1074
(0.0421)

0.1078
(0.0825)

0.0924
(0.0112)

10.3268
(0.0305)

CME FO
0.0250
(0.0140)

0.2003
(0.0386)

0.0198
(0.0430)

0.0851
(0.0103)

11.8041
(0.0547)

OCC
0.0241
(0.0259)

0.1672
(0.0710)

0.0757
(0.0676)

0.1573
(0.0191)

11.1726
(0.0639)

ICE EU
0.0222
(0.0227)

0.0603
(0.0624)

0.0628
(0.0481)

0.1382
(0.0168)

10.9963
(0.0768)

ICE US
0.0143
(0.0199)

0.1281
(0.0546)

0.1489
(0.0762)

0.1210
(0.0147)

9.7299
(0.0425)

LCH SA
0.0712
(0.0222)

0.2014
(0.0609)

0.0690
(0.0304)

0.1350
(0.0164)

8.2357
(0.1213)

EUREX
0.0113
(0.0251)

0.2202
(0.0694)

0.0867
(0.0724)

0.1524
(0.0185)

11.0278
(0.0569)

Panel B: House Initial Margin (Lower Bound)

CCP µIM βIM κIM σIM θIM

LCHSwapClear
0.0195
(0.0112)

0.0509
(0.0308)

0.1069
(0.0595)

0.0682
(0.0083)

11.1202
(0.0317)

ICC
0.0163
(0.0110)

0.2029
(0.0303)

0.0482
(0.0477)

0.0666
(0.0081)

9.4590
(0.0383)

CME IRS
-0.0027
(0.0183)

-0.0161
(0.0504)

0.2323
(0.1074)

0.1114
(0.0135)

8.9259
(0.0278)

CME FO
0.0313
(0.0191)

0.1583
(0.0524)

0.0228
(0.0502)

0.1162
(0.0141)

9.9351
(0.0646)

OCC
0.0583
(0.0434)

0.2521
(0.1190)

0.0412
(0.0651)

0.2638
(0.0320)

9.7323
(0.1144)

ICE EU
0.0018
(0.0272)

0.1119
(0.0758)

0.1650
(0.0993)

0.1655
(0.0201)

9.0123
(0.0452)

ICEUS
0.0206
(0.0317)

-0.0547
(0.0881)

0.1805
(0.0935)

0.1926
(0.0234)

8.6321
(0.0562)

LCH SA
0.0606
(0.0216)

0.1950
(0.0591)

0.0950
(0.0340)

0.1310
(0.0159)

8.1238
(0.1044)

EUREX
0.0075
(0.0227)

0.2784
(0.0633)

0.0823
(0.0719)

0.1379
(0.0167)

10.0246
(0.0522)

(Note): This table reports the estimated parameters for the dynamic Initial Margin model:

∆ log(Mt) = µIM + βIM∆log(Yt) + κIM (θIM − log(Mt−1)) + σIMηt .

The model is fitted to the data over the sample period from 2015 Q3 through 2024 Q4. Panel A estimates are based on Total
IM, while Panel B estimates are based on House IM. Asymptotic standard errors are reported in parentheses.
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time τi (the default time) can be represented as the first time that the compensator Λi(t) exceeds a standard

exponential random variable Ei. Formally, the simulated default time is obtained as

τi = inf
{
t ≥ 0

∣∣∣Λi,t ≥ Ei

}
, (22)

where Ei is an independent random variable following a standard exponential distribution for CMi. Upon

a default event, the loss is calculated as the exposure exceeding the defaulter’s prefunded resources. This

framework enables a comprehensive assessment of the joint probability of multiple large member defaults

and the adequacy of the CCP’s waterfall resources under dynamically evolving market conditions.

While our factor-based model implicitly captures systemic stress by linking default intensities and margin

requirements to the VIX, it is important to acknowledge the potential for liquidity feedback loops that may

further amplify systemic risk. Specifically, a G-SIB facing substantial margin calls at one major CCP could

experience acute liquidity strain, thereby increasing its default probability across other clearinghouses where

it holds memberships. This creates a non-linear contagion channel that may exacerbate the wrong-way risk

already embedded in our macro-factor framework.

5.2 Empirical Results

First, we employ the advanced factor-driven approach to reassess each individual CCP’s resilience. Table

12 presents the average probability of CCPs covering large 2-member defaults and the probability of CCPs

experiencing losses exceeding their assessment power, using both Upper Bound (UB) and Lower Bound (LB)

loss estimation methods. The ”cover2 Prob” columns demonstrate the probability that each CCP maintains

sufficient financial resources to withstand the simultaneous default of its two largest clearing members—a

critical regulatory requirement. The ”Over-Assessment Prob” columns indicate the probability that losses

would exceed the CCP’s total assessment power. Consistent with results from our base model approach,

CCPs generally maintain robust coverage for member losses in both pre- and post-COVID periods, with LB

estimates consistently at or near 100% for the cover 2 metric and 0% for over-assessment probability. How-

ever, some CCPs—notably CME FO and ICE EU—show modest deterioration in their cover 2 probabilities

post-COVID based on the loss from UB approach (dropping to 92% from 95% and 98%, respectively), with

corresponding increases in over-assessment probabilities. This could be attributed to client activity domi-

nating house activity in these CCPs, potentially causing our UB estimated losses to be overly conservative.

Overall, the results confirm that while CCPs generally maintained strong financial resilience throughout the

COVID period, certain market segments could experience increased tail risk under extreme stress conditions.

Second, we study the aggregated loss from large members default across all the CCPs. Measuring this

losses when large bank affiliated members default across all the CCPs is crucial for regulator to assess

systemic risk in the financial system. Since these major institutions typically maintain membership across

multiple CCPs spanning different asset classes and jurisdictions, their default creates simultaneous stress

throughout the clearing ecosystem. This interconnectedness can trigger negative feedback loops where losses

at one CCP creates liquidity strains, additional defaults, and collateral fire sales affecting other CCPs and

the broader market.

We estimate the expected loss and the 99% expected shortfall (ES) across all CCPs when large members
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Table 12: Cover2 and Over-Assessment Probability

Cover-2 Prob Over-Assessment Prob

Pre-COVID Post-COVID Pre-COVID Post-COVID

CCP UB LB UB LB UB LB UB LB

LCHSwapClear 99% 100% 98% 100% 0% 0% 0% 0%
ICC 98% 100% 98% 100% 0% 0% 0% 0%
CME IRS 99% 100% 97% 100% 0% 0% 1% 0%
CME FO 95% 100% 92% 100% 2% 0% 3% 0%
OCC 100% 100% 99% 100% 0% 0% 0% 0%
ICE EU 98% 100% 92% 100% 0% 0% 3% 0%
ICE US 96% 100% 96% 100% 1% 0% 1% 0%
LCH SA 100% 100% 99% 100% 0% 0% 0% 0%
EUREX 99% 100% 98% 100% 0% 0% 0% 0%

default based on one million simulation paths using our factor based simulatoin model. Both lower-bound

and upper-bound methods described in the previous section are employed to measure potential losses. Figure

14 presents results from 2016 to 2024, showing a significant increase in both expected loss and ES following

the COVID-19 pandemic. The upper-bound expected shortfall—representing extreme tail scenarios—nearly

doubled during COVID, reaching approximately $60 billion, while mean losses jumped from under $1 billion

pre-pandemic to over $1.5 billion post-onset. It’s important to note that, as previously discussed, our upper-

bound estimation method derived from total initial margin can potentially overestimate actual losses from

member defaults, explaining the substantial gap between upper and lower bound measurements shown in

the figure. The lower-bound estimates, which represent more conservative assessments of potential losses,

remain considerably more modest throughout the observation period. The losses has been increasing post

pandemic with the ES reached about $80 billion at the end of 2024.

Next, we measure the ratio of ES to the aggregated Tier-1 capital of the 10 largest clearing members

affiliated to the top GSIBs. We then normalize these values to the level of June 2016 to create an index

measuring the relative change in CCP default risk compared to large banks’ capital. Figure 15 displays both

the ratio over capital and the stress index.

The results demonstrate that ES from large member defaults represents only a small fraction of large

banks’ total capital. Even with the significant increase following the pandemic, the ratio reaches approxi-

mately 6% for upper bound loss estimates, while the lower bound estimates remain at just about 1%. These

findings suggest that CCPs maintain robust risk management frameworks, and even in scenarios involving

large member defaults, the potential spillover effects to the broader financial system appear well contained.

This conclusion aligns with Chang, Du and Zikes (2026), who document limited contagion risk to the broader

financial system from large clearing member defaults.

The stress index, constructed from the normalized capital ratios, is the average of the normalized ratio

estimated from both upper bond and lower bond approaches. The index exhibits an upward trend with a

notable jump during the pandemic period. The right panel in Figure 15 displays the history of the index along

with the normalized IM (both total IM and house IM across all the nine CCPs). As expected, the correlation

between stress index and CCPs’ margin requirements is high and the stress index has been increasing with
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the margin level. Noticeably, in the post-pandemic period, the stress index exhibits a stronger correlation

with house initial margins, indicating that CCPs’ proprietary positions have grown at an accelerated rate

compared to client portfolios. Our finding confirms that the observed stress increase reflects a structural

shift in risk correlation and volatility, not just a proportional byproduct of increasing market notional or

open interest.
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Figure 14: Default Loss from all CCPs

6 Conclusion

Our comprehensive examination of CCP credit risk through simulation-based modeling yields several

significant insights into the stability of the central clearing ecosystem. First, we find that the concentration of

risk among clearing members substantially impacts potential loss magnitudes, with ”whale” scenarios—where

clearing activity is dominated by a small number of large participants—consistently producing the most severe

projected losses across all study periods. Second, our analysis reveals an noticeable increase in credit risk

following the COVID-19 pandemic, with project losses approximately doubling for several CCPs compared

to pre-pandemic levels.

Despite this elevated risk environment, our findings indicate that the central clearing system maintains

overall resilience. Most CCPs demonstrate robust financial safeguards to absorb tail risks, as evidenced by

consistently high Cover-2 percentages (the ability to withstand defaults by their two largest clearing mem-
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bers) and the extreme low probability of losses exceeding their assessment powers. This suggests that current

CCP risk management frameworks are functioning effectively, even under heightened stress conditions.

Nevertheless, our analysis identifies several areas warranting regulatory attention. The capital require-

ments for clearing members’ default fund contributions may be insufficient to address potential losses during

extreme market scenarios, particularly when considering the difficulties to porting client positions with sig-

nificant losses. Furthermore, the correlation between clearing member defaults and the concentration levels

of clearing member can significantly amplify potential losses, creating liquidity stress for CCP resilience

during systemic events.

Our macro factor-driven model, which uses the VIX index as a proxy for market conditions, provides

an alternative to examine CCP risk exposure when both member defaults and exposures increase during

broader market stress. This approach helps analyze how losses across multiple CCPs can potentially create

stress throughout the financial system and trigger negative feedback loops. Our simulation results reveal

a significant increase in both expected losses and ES following the COVID-19 pandemic. However, even

in extreme tail events, the projected losses remain relatively small compared to large banks’ total capital,

highlighting limited contagion risk from large clearing member defaults to the broader financial system.

In conclusion, while CCPs generally demonstrate resilience against clearing member defaults, they should

continue to enhance risk management practices, particularly in monitoring default correlation and member

concentration risks. Our framework, leveraging publicly available data, offers a transparent methodology for
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regulators, market participants, and researchers to assess and monitor CCP credit risk effectively. Future

research could enhance this approach by incorporating more granular data sources, exploring alternative

macroeconomic factors, and investigating how regulatory changes impact CCP resilience across different

market regimes and stress scenarios.
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